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 Many unanswered questions remain on the impact of genome 
natural variation in healthy populations. The basis of the biological variation 
cannot be completely explained by genomics and proteomics. Lipidomics 
offers an avenue to complement these traditional technologies, studying lipid 
profiles across various conditions, and the recent advances in mass 
spectrometry complemented existing platforms in providing rapid and 
sensitive methods for lipids profiling. 
 
 Lipids have been found to be important in human health as their 
dysregulation has been reported in pathological conditions. It is, however, 
imperative to understand how lipids vary in normal physiological settings. As 
such, this study aims to explore the range of biological variation in human 
plasma of various lipids including glycerophospholipids, sphingolipids and 
sterol derivatives, in 360 healthy fasting Singaporeans. Targeted mass 
spectrometry using multiple reaction monitoring (MRM) was used to quantify 
over 100 individual lipid species. In a first step, variation that is introduced by 
sample pre-processing and instrumentation, i.e. technical variation, has been 
carefully considered and the importance of using quality control samples in 
study design was recognized. Issues involving the analysis of multiple 
batches by mass spectrometry and batch effect corrections were addressed 
prior to considering any biological variation. In this study, we identified 
ix 
 
ethnicity dependent differences across lipid species, in particular significantly 
higher levels of PS and pPE and pPC in Chinese when compared to Indian 
and Malay populations. Ultimately, this work aims to quantify the biological 
variation of lipids in the healthy Singaporean population across three 
ethnicities (Chinese, Malay and Indian) and to understand the biological 
meaning of the underlying mechanisms. 
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 Metabolites are a class of biomolecules that include carbohydrates, 
amino acids, nucleic acids and lipids (Fahy et al., 2011). For a long time, 
these small molecules  remained in the shadow of the ongoing ‘omics’ trend in 
biology of genomes and proteomes (Shevchenko and Simons, 2010). Unlike 
transcripts and proteins, the molecular identity of metabolites cannot be 
deduced from genomic information (Lei et al., 2011). It is the flux and 
biosynthesis of these low molecular weight (LMW) metabolites within a cell, 




 Among metabolites, lipids constitute the largest subset, including 
tens of thousands of distinct molecular species existing in cells, tissues and 
body fluids (Harkewicz and Dennis, 2011; Wenk, 2010). Defining a lipid is not 
as straightforward since there is no universally accepted definition to date. 
However, a lipid can be simply defined as a naturally occurring molecule 
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made up of fatty acids and its derivatives. Lipids are not genetically encoded, 
they are transient molecules that have a dynamic composition and 
compartmentalization, making them good markers of metabolic traits (Gross, 
2006; Wenk, 2010).  
 
 In recent years, there has been an increasing emphasis on lipid 
research. Lipids exist with great diversity in structure and function, and their 
roles are continuously being explored at a cellular, tissue and organism level 
(Wenk, 2010). The field of lipid research has extended from the study of 
prokaryotes to eukaryotes and the astonishing diversity of lipids within an 
organism and across different types of organisms has yet to be discovered. 
 
1.1.1.1 Lipid chemistry 
 
 Amongst the various types of lipids, some of the major classes 
include fatty acyls (FA), glycerolipids (GLs), glycerophospholipids (GPLs), 
sphingolipids (SPs), sterol lipids (STLs) as shown in Figure 1-1 (Wenk, 2005). 
GPLs consist of a glycerol backbone made up by two FA chains attached at 
the sn-1 and sn-2 positions, and a phosphate group esterified to one of the 
glycerol hydroxyl groups (Hu et al., 2009). SPs contain a long-chain 
nitrogenous base as their core structure while STLs have a four ring core 
structure (Fahy et al., 2011).  




Figure 1-1: Lipid classes and their representatives. Adapted from Wenk 
(Wenk, 2005). 
a. Fatty acyls (FA)
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1.1.1.1.1  Glycerophospholipids 
 
 As the major group of lipids, GPLs consist of various combinations 
of different FA attached to the sn-1 and sn-2 positions of the glycerol 
backbone. Based on different polar head groups, GPLs can be divided into 
glycerophosphatidic acids (PA), glycerophosphatidylcholines (PC), 
glycerophosphatidylethanolamines (PE), glycerophosphatidylserines (PS), 
glycerophosphatidylglycerols (PG) and glycerophosphatidylinositols (PI) (Fahy 
et al., 2011). Lyso-GPLs which have one of the hydroxyl groups at the sn-1 or 
sn-2 positions of the glycerol backbone intact and the other one esterified to 
FA, are also included in the definition of GPLs (Hu et al., 2009). 
 
 Particularly, for some classes of GPLs (typically for PE and PC 
species, FA chains at the sn-1 position can also be attached as an ether-
linkage including vinyl ether and alkyl ether, termed “plasmenyl-” and 
“plasmanyl-” lipids respectively, instead of the more common ester linkage 
(Hu et al., 2009). Approximately 18% of human phospholipid (PL) are ether 
linked lipids (Nagan et al., 1998). The choline and ethanolamine 
plasmalogens (plasmenylcholine and plasmenylethanolamine, respectively) 
contain a cis double bond adjacent to the sn-1 ether linkage, whereas the 1-
alkyl-2-acyl PL plasmanylcholine and plasmanylethanolamine contain the sn-1 
ether linkage but lack the cis-double bond (Vance and Tasseva, 2013).  
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 GPLs are amphipathic and have both polar and non polar ends. 
The polar end is made up of the ionizable phosphate group while the non 
polar end is mainly made up of the attached FA chain tails. Additional 
structural diversity arises from the variation in carbon chain length and degree 
of saturation across the fatty acyl chains attached at the sn-1 and sn-2 
positions. 
 
1.1.1.1.2  Sphingolipids 
 
 SPs consist of a sphingoid base to which a FA is attached through 
an amide bond generating the ceramide (Cer) backbone to which a head 
group is attached at the primary hydroxyl (E.Vance, 2008). The head groups 
range from a simple hydrogen (for sphingosine and Cer) to more complex 
species, such as the phosphocholine moiety of sphingomyelin (SM) and the 
simple to complex glycans of glycosphingolipids like glucosyl ceramides 
(GluCer) and gangliosides (Hu et al., 2009). Typically, the amide-linked FA in 
Cer and SM are saturated or monounsaturated long carbon chains varying in 
length from 14 to 26 carbon atoms (Hu et al., 2009) but are predominantly 
found as 18 carbon chains in mammalian cells (Merrill, 2011). Like the GPLs, 
structural variation for SPs can arise from head group substitutions and 
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1.1.1.1.3  Sterols 
 
 STLs consist of cholesterols (Chol) and derivatives [e.g. cholesterol 
esters (CholE)] where CholEs are derived from Chol through a long-chain FA 
esterification with the only hydroxyl group of Chol (Hu et al., 2009). Excess 
cholesterol is often converted to its oxygenated counterparts, oxycholesterols 
such as hydroxycholesterol (OH-Chol) (E.Vance, 2008). 
 
 
1.1.1.2  Lipid Function 
1.1.1.2.1  Glycerophospholipids 
  
 GPLs are found in most mammals and represent one of the most 
important backbone structures of cellular membranes (Hu et al., 2009). Their 
heterogenous distribution confers functionality to lipid membranes. GPLs 
participate in various biological activities including cell signaling, membrane 
anchoring and trafficking (E.Vance, 2008; Yorek, 1993).  
 
1.1.1.2.2  Sphingolipids 
 
 SPs are found in almost all known plants, animals, viruses, and 
fungi (E.Vance, 2008). SPs are highly bioactive compounds that serve not 
only as components of biological structures such as membranes and 
lipoproteins, but also as regulators of cell proliferation, differentiation, cell–cell 
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and cell–matrix interactions, cell migration, intracellular (and extracellular) 
signaling, membrane trafficking, autophagy, and cell death (E.Vance, 2008; 
Merrill et al., 2005; Spiegel and Milstien, 2003). 
 
1.1.1.2.3  Sterols 
 
 STLs are highly abundant in mammals and are important 
components of membrane lipids (Hu et al., 2009). One of the most eminent 
roles of STLs is its regulatory function related to cell signaling and membrane 
fluidity (Hu et al., 2009). STLs include cholesterol, cholesterol esters, 
hormones like estrogen and progesterone which participate in different 
biological processes (Tsai and O'Malley, 1994; Wenk, 2005). 
 
1.1.1.3  Lipid Transport in the circulatory system 
 
 Lipids synthesized in liver and intestine need to be transported to 
specialized compartments where they play a role in essential body functions 
such as storage and degradation (E.Vance, 2008). Lipids are transported in 
circulation via soluble complexes that are made up of proteins 
(apolipoproteins) and lipids, known as lipoproteins (E.Vance, 2008). Human 
lipoproteins consist of a neutral lipid core (triacylglycerol (TAG) and CholE) 
surrounded by a single surface layer of polar lipid species (PL and Chol) (Jim 
Mann, 2001). Different classes of lipoproteins exist and they are often 
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characterized by the different protein and lipid compositions that define their 
densities. The different subtypes are chylomicrons (CM), very low density 
lipoproteins (VLDL), low density lipoproteins (LDL) and high density 
lipoproteins (HDL) (E.Vance, 2008). Lipoproteins are involved in forward lipid 
transport (delivery of lipids to peripheral tissues) and reverse lipid transport 
(movement of lipids from peripheral tissues to liver for catabolism) (E.Vance, 
2008). Together, these processes play an important role in maintaining 
cholesterol homeostasis. 
 
 Lipid composition of these particles can be affected by numerous 
exogenous and endogenous factors, including diet, exercise, fasting, 
environmental influences, genetic background, age, ethnicity and disease 
states (Kathiresan et al., 2008; Kwiterovich, 2000; Li et al., 2003; Schreiner et 
al., 1996). Each lipoprotein has distinct physiological roles that have different 
adverse health consequences, when present in inappropriate amounts (too 
high or too low), such as atherosclerosis (Jim Mann, 2001). Cholesterol is the 
most characteristic component of the HDL lipidome as, in the form of HDL-
cholesterol, it represents a major independent negative risk factor for 
cardiovascular disease (Kontush et al., 2013). Oxidized LDL has been shown 
to be proatherogenic, and thought to be an important step in the subsequent 
progression to atherosclerosis (Engelmann et al., 1994). Due to the complex 
interplay between these factors that contribute to the unique composition of 
these particles, it is often difficult to study the effects of these components in 
an unbiased manner.  
 




 Lipidomics is an emerging field aiming at systems scale detection, 
characterization and quantification of lipids (Adibhatla et al., 2006). It has 
taken a forward trend in complementing the field of genomics and proteomics 
(Weckwerth, 2003; Young and Wallace, 2009). and thus aid in providing a 
complete picture of a living organism (Vuckovic, 2012). Lipidomics is 
developing as an independent discipline at the interface of lipid biology, 
technology and medicine (Wenk, 2005). It is the comprehensive 
understanding of the influence of all lipids on a biological system with respect 
to cell signaling, membrane architecture, transcriptional and translational 
modulation, cell-cell and cell-protein interactions, and response to 
environmental changes over time (Watson, 2006).  
 
 There has been recent advances in analytical platforms used in 
lipidomics research. Several techniques currently employed in lipidomics 
include chromatography, mass spectrometry (MS) and nuclear magnetic 




 Thin layer chromatography (TLC) (Dittmer and Lester, 1964), gas 
chromatography (GC) (James et al., 1952) and high performance liquid 
chromatography (HPLC) (Giddings, 1965) are various types of 
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chromatographic separation methods that have been used in lipid research for 
a long time and conditions have been well adapted for the analysis of various 
classes of lipid compounds.  
 LC is a popular technique due to its high selectivity and efficiency 
(Wenk, 2005). It is an easily automated method with quantification potential, 
and both reverse- and normal-phase conditions have been developed for lipid 
analyses (Bou Khalil et al., 2010). 
 
1.2.2 Mass spectrometry 
 
 MS methods have emerged as the most important and principal 
detection techniques for lipidomic analysis, often coupled to chromatographic 
separation methods such as HPLC and GC (Gross and Han, 2011). 
Lipidomics is not only restricted to phospholipid analysis and MS is widely 
applied to almost all lipid classes. MS show high sensitivity and selectivity, 
and new developments in ionization technique, mass analyzer technology, 
resolving power and mass accuracy have led to much improvements in the 
detection and analysis of lipids (Lei et al., 2011). Further information on MS 
will be given in Section 1.3. 
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1.3 Mass spectrometry in lipidomics 
research 
 
 MS has been widely used for the detection and quantification of PL 
(Watson, 2006). Subsequent sections will outline the mass spectrometer and 
current MS platforms used in lipidomics research. 
 
1.3.1 The mass spectrometer 
 
 A mass spectrometer consists of three major parts: the ion source, 
the mass analyzer and the detector (Ekman, 2009).  
 
1.3.1.1  Ion source and ionization methods 
 
 The role of the ion source is to create gas phase ions. Analyte 
atoms, molecules, or clusters are transferred into gas phase and ionized 
(Ekman, 2009). Several types of ionization methods exist including 
electrospray ionization (ESI), matrix-associated laser desorption ionization 
(MALDI) and atmospheric pressure chemical ionization (APCI). 
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1.3.1.1.1  Electrospray ionization 
 
 ESI is a ‘‘soft’’ ionization technique (i.e., little or no molecular 
fragmentation occurs during ionization) (Fenn JB, 1989). Small charged 
droplets are formed which eventually break up into smaller droplets, 




Figure 1-2: Schematic diagram showing the principle of electrospray 
ionization in positive-ion mode. Adapted from Han and Gross (Han and Gross, 
2005). 
 
 ESI has recently been playing a forward lead in mass spectrometry 
analysis of lipids, however it has several limitations. For example, ESI 
substantially depends on the solvent system used for its ionization as it 
requires sufficient conductivity (Brouwers, 2011). Furthermore, separation of 
ions depends on solvent viscosity as it affects charge separation. Solvents 
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chloroform whereas reverse phase is often made up of water or aqueous 
buffers mixed with organic solvents like acetonitrile (ACN). As such, normal 
phase solvents are more suited for ESI due to their higher organic content 
enabling better sensitivity (Masood et al., 2012).  
 
 ESI is also susceptible to matrix effects due to the sample. For 
example, triacylglycerols can be a potential matrix for the analysis of GPLs in 
human plasma samples due to their high abundance. While matrix effects can 
affect ionization and analysis, selective lipid extraction methods and solid 
phase extraction (SPE) methods can be used for processing the samples to 
ensure lower matrix effects. The most significant disadvantage of ESI might 
be its high susceptibility for ion suppression and variability of ion suppression 
especially when it comes to the analysis of PL (Han and Gross, 2005). 
Different samples may have different matrix effects due to the differences in 
biological matrix. This issue can be addressed partly by addition of internal 
standards similiar to the lipids measured, such that they undergo similar ion 
suppression effects as the members of the same lipid class within each 
biological matrix. Standardized sample pre-processing can help to reduce 
variability introduced by this way. This greatly affects the analysis of low 
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1.3.1.1.2  Atmospheric pressure chemical ionization 
 
 A less commonly used ionization technique is chemical ionization 
(APCI). This method is used for the study of ionic and polar compounds that 
ionize as monocharged ions and have low molecular weights, up to about 
1500Da (Edmond de Hoffmann, 2007). It requires a higher liquid flow rate 
than ESI. A major advantage of the high temperatures used in APCI is 
prevention of heating chamber contamination by analytes, which may lead to 
memory effects because of slowly desorbing analytes and inconsistent ion 
source performance due to building up of contaminants (Brouwers, 2011). 
Contrarily, thermal drying imposes a disadvantage due to increased (thermal) 
decomposition of labile compounds, which may be reflected in the abundance 
of fragment ions in the mass spectrum (Brouwers, 2011). The greatest 
advantage of APCI over ESI is that it is able to actively generate ions from 
neutral molecules, allowing for low to medium polarity analytes to be 
analyzed. APCI is inherently less susceptible to ion suppression by matrix 
compounds than ESI (Bruins, 1998). 
 
1.3.1.2  Mass analyzers 
 
 The mass spectrometers currently employed in lipidomics include 
time-of-flight (TOF), ion trap, triple quadrupole (QqQ) and fourier transform ion 
cyclotron resonance (FT-ICR) (Bou Khalil et al., 2010). Here, I will focus only 
on QqQ-MS, the method used for this study. 





 A linear quadrupole consists of four precisely matched parallel 
metal rods where the direct current (dc) and radio frequency(rf) potentials are 
applied between the two opposing pairs of these electrodes to produce a high 
frequency oscillating electric field (Yost and Enke, 1978). Mass separation is 
thus made possible by the oscillatory motions of ions in this electric field. Ions 
of a specific m/z value pass through the quadrupole rods only with specific 
values of the dc and rf potentials (Yost and Enke, 1978). A mass spectrum is 
usually obtained by changing both the dc and rf potentials while keeping their 
ratio constant (Chhabil, 2007). At specific dc and rf potentials, a specific range 
of m/z values have stable trajectories within the quadrupole field to reach the 
detector while all other ions are lost because they follow unstable trajectories 
(Chhabil, 2007). 
 
 In QqQ instruments, three quadrupoles are arranged sequentially. 
While the first (Q1) and third (Q3) quadrupoles are operated in the mass-
selective mode using dc and rf potentials, the second quadrupole (q2) is 
operated with only the rf potential (Yost and Enke, 1978) (Figure 1-3).  
 Tandem MS can be performed with QqQ instruments. The second 
quadrupole, which nowadays often is a hexapole or octapole, is not used for 
m/z selection or scanning (Ekman, 2009), but serves as a collision cell 
containing nitrogen gas at a pressure, such that an ion entering the 
quadrupole undergoes one or several collisions (Edmond de Hoffmann, 
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2007). This can induce ion fragmentations that provide chemical information 
(Bou Khalil et al., 2010). With such a setup, low-energy collision induced 
dissociation (CID) can be performed (Ekman, 2009). This technique is 
efficient in producing fragment ions, but reproducibility between instruments is 
limited since the spectra obtained heavily depend on the selected collision 
gas (such as nitrogen) and its pressure on the collision energy, as well as on 
other parameters (Ekman, 2009).  
 
1.3.1.2.1.1 Scan modes and shotgun approach 
 
 There are three main available scan modes using tandem MS to 
analyze lipids, namely precursor ion scan, neutral loss scan and product ion 
scan (Edmond de Hoffmann, 2007). Multiple reaction monitoring (MRM) is 
one of the most powerful methods of quantitative targeted analysis (Watson, 
2006) (Figure 1-3).  
  
 MRM consists of selecting a fragmentation reaction where both the 
first and second analyzers are focused on selected masses (Edmond de 
Hoffmann, 2007). Ions selected by the first mass analyzer are only detected if 
they produce a given fragment by a selected reaction (Edmond de Hoffmann, 
2007). The absence of scanning allows one to focus on the precursor and 
fragment ions over longer times, increasing the sensitivity and selectivity 
(Ekman, 2009). Tandem mass spectrometers are able to analyze a large 
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number of MRM transitions with dwell times as low as 5-10ms, acquiring cycle 



















Figure 1-3: Diagram of a triple quadrupole instrument. (a) The first and the 
last (Q1 and Q3) are mass spectrometers. The central quadrupole, q2, is a 
collision cell made up of a quadrupole using rf only. The quadrupole mass 
spectrometers are symbolized by upper case Q, and the rf-only quadrupoles 
with a lower case q. (b) MRM approach. CID stands for collision-induced 
dissociation, as occurs when an inert gas is present in the collision cell. 
Adapted from Hoffmann (Edmond de Hoffmann, 2007). 
 
 
 Advancements in ESI-MS have allowed the development of 
shotgun lipidomics (also known as direct infusion) (Han and Gross, 2005). 
Shotgun lipidomics is one of the commonly used approaches for rapid global 
analysis of lipids in crude biological extracts (Han and Gross, 2005). Intact 
total lipid extracts are infused directly into MS via ESI, and lipid species are 










                                                                                                       Introduction 
21 
 
of non-naturally occurring internal standards representative of the different 
lipid classes is added to the lipid extracts for quantification purposes (Isaac, 
2011). The internal standards are used to correct for multiple experimental 
factors such as possible variations in MS parameters, which can affect 
ionization and ion count for accurate quantification (Isaac, 2011).  
 In shotgun lipidomics, the composition of the sample entering the 
instrument is constant, so ratios of internal standards to compounds of 
interest are constant throughout the analysis, making quantification 
straightforward (Isaac, 2011). While prior chromatographic separation 
methods like LC are used to separate the different lipid classes before 
ionization, the shotgun approach provides a good tool for the analysis of 
thousands of molecular species in a short time period (Han and Gross, 2005).  
 
 The main drawbacks of this method are potential difficulties in 
resolving isobaric compounds, especially in the absence of tandem MS 
techniques, and a risk of ion suppression that may lead to decreased 
sensitivity for the analysis of minor lipid species (Isaac et al., 2007). 
Furthermore, compounds with high m/z ratios (>1000) like gangliosides may 
give rise to multiply charged ions, and this can reduce ion intensity due to 
different charge distribution. 
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1.3.2 MS lipid analysis  
1.3.2.1  Terms 
Signal-to-noise ratio (S/N) describes the uncertainty of an intensity 
measurement and provides a quantitative measure of signal quality by 
quantifying the signal intensity relative to noise (Gross, 2011). Noise is often 
defined as the background that is coming from the electronics of the 
instrument, presenting itself both in between signals and on the signals 
(Gross, 2011). The reduction of noise is proportional to acquisition time or 
number of single spectra that are averaged (Gross, 2011). Thus averaging a 
larger number of spectra can result in a lower noise (Ekman, 2009). A S/N of 
three or more is often used as a guideline for detection limit for a reliable 
signal (U.S. Department of Health and Human Services, 2001). 
 
1.3.2 Glycerophospholipid, sphingolipid and sterol analysis by MS 
 
 The importance of ESI in detection of PL was first demonstrated by 
Han and Gross (Han and Gross, 1994). Membrane PL were detected with 
enhanced sensitivity and did not require prior chromatographic separation. 
ESI-MS enables high sensitivity and can be used for molecules without any 
ionizable site (for e.g. PE and PC) by losing or gaining of protons, or by 
formation of sodium, potassium, ammonium, chloride, acetate or other 
adducts (Edmond de Hoffmann, 2007). Furthermore, ESI-MS allows for rapid 
and efficient analysis of lipid classes, subclasses, and individual molecular 
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species directly from crude extracts with a dramatically higher S/N ratio in 
comparison to other mass spectrometric approaches such as MALDI coupled 
to TOF MS (Han and Gross, 2005).  
 
 Targeted lipidomics using ESI has been shown to be useful in the 
analysis of cellular lipids (Han and Gross, 2005). It is best used for 
quantification of a select number of molecular lipid species that can be 
controlled by appropriate lipid standards to minimize possible errors arising 
from changes in lipid ionization efficiency (Ekroos et al., 2010). MRM is based 
on a targeted approach which has previously been used successfully for 
quantification of SPs (Merrill et al., 2005) and GPLs (Chan et al., 2008; Han 
and Gross, 2005; Wenk et al., 2003) from various biological sources. 
 
 Many lipids naturally carry charges and this makes them ideal for 
ionization and analysis via mass spectrometry. PE molecular species contain 
a polar head group and can be analyzed by ESI-MS in either the positive or 
the negative ion mode (Han et al., 2005). It can be measured via monitoring 
precursor of m/z 196 from deprotonated PE molecular ions in the negative ion 
mode (Brugger et al., 1997). 
 
 PA has the simplest polar head group, and is possible to observe 
[M-H]- and [M+H]+ ions upon ESI, though the most abundant ions are by 
collision-induced decomposition of [M-H]- ions (Hsu and Turk, 2000b). It can 
be measured by monitoring precursor of m/z 153 for glycerol containing 
phospholipids in the negative ion mode. 
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 PI contain a phosphodiester of the six-carbon sugar inositol as a 
polar head group (Pulfer and Murphy, 2003). Tandem mass spectrometry of 
PI [M-H]- ions showed a similar behaviour to that of PA in the loss of the sn-1 
and sn-2 FA substituents as neutral carboxylic acids and ketene, and the 
presence of carboxylate anions as major product ions resulting in the 
detection of several  ions unique for PI including monitoring precursor of m/z 
241 for inositol containing phospholipids (Hsu and Turk, 2000a). 
 
 PG serve as precursors for more complex PL, including cardiolipins 
found in mitochondria (Pulfer and Murphy, 2003). There have not been many 
detailed studies using ESI-MS to analyze PG beyond the observation that 
they form abundant negative ions which is expected for acidic PL carrying 
neutral polar head groups (Pulfer and Murphy, 2003). They can be detected 
by monitoring precursor of m/z 153 for glycerol containing phospholipids in the 
negative ion mode. 
 
 Ionization of PS during ESI results in the formation of positive and 
negative ions, however, negative-ion formation tends to dominate for this PL 
class (Koivusalo et al., 2001). Collisional activation of the [M-H]- ion results in 
the formation of ions that correspond to the loss of serine [M-88], leading to 
the detection of PS by scanning neutral loss of m/z 88 from the parent mass 
in negative ion mode (Pulfer and Murphy, 2003). 
 
 PC are the most abundant lipid species in eukaryotic cells, and are 
characterized by the presence of a quaternary nitrogen atom whose positive 
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charge is neutralized by the negative charge of the phosphate group (Pulfer 
and Murphy, 2003). PC are always ionized, where the quaternary nitrogen 
atom readily forms an abundant [M+H]+ ion by ESI because the phosphate 
anion can be protonated during the electrospray process (Pulfer and Murphy, 
2003). Collision-induced decomposition of the positive protonated molecule 
ion [M+H]+ yields the expected phosphocholine ion at m/z 184, which is typical 
of all phosphocholine-containing lipids. 
 
 ESI of SM follows closely the related choline-containing GPLs, PC 
where m/z 184 is the only ion observed following collisional activation, which 
corresponds to the protonated phosphocholine species (Pulfer and Murphy, 
2003). It can be measured in the positive ion mode. However, at low 
collisional energy, we can also observe the loss of water (m/z 18) in the 
positive ion mode which acts as a more accurate detection method for SM 
using shotgun approach. 
 
 Gas chromatography (GC) approaches and HPLC with ultraviolet 
detection have commonly been used for STLs analysis (Honda et al., 2008). 
Recently, LC-APCI based tandem MS has been introduced as more sensitive, 
specific and rapid quantification method for analyses of STLs (Honda et al., 
2008). Targeted approaches like MRM have been used to analyze Chol with 
reasonable sensitivity (Briche et al., 2002; Raith et al., 2005; Sevanian et al., 
1994). 
 Despite advancements APCI and ESI, ESI is still the preferred 
choice when it comes to the analysis of PL. Studies have shown that most PL 
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classes showed a better sensitivity with ESI when compared to other 
ionization methods (A.Å. Karlsson, 1996; Byrdwell, 1998; Ismaiel et al., 2008). 
 
1.4 Variation and Lipid Profiles 
1.4.1 Technical Variation  
1.4.1.1  Instrument and process variation 
 
 As mentioned before, MS has emerged as one of the more popular 
techniques used in detecting and identifying lipids (Watson, 2006). A large 
diversity in the types of mass spectrometers exists, some of them better 
suited for certain applications (Edmond de Hoffmann, 2007). The choice of 
instrumentation for lipidomics studies is important and is largely dependent on 
the study objectives and designs (Bou Khalil et al., 2010). 
 
 When looking at technical variation, instrumentation and upstream 
sample processing can be considered as major sources of variation. Despite 
the well-known importance of instrument variation, understanding of upstream 
process variation is equally important (Ekroos et al., 2010). Proper sample 
storage, handling and preparation are crucial in the analytical process to avoid 
artificial formation, modification, or loss of lipid species (Ekroos et al., 2010) 
as it can lead to an unwanted reservoir of variation. Several factors can affect 
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the process variation involved in human plasma processing, some of which 
are listed below:  
 
1) Sample collection – how the blood is drawn, which type of 
anticoagulant is used (EDTA, heparin, citrate) (Bando et al., 2010; 
Bernini et al., 2011). 
2) Processing plasma - how plasma is processed from the blood e.g. 
centrifugation, mixed before aliquoting etc (Bernini et al., 2011).  
3) Time of day – time of collection and effect of circadian rhythm 
(Altmaier et al., 2008; Dallmann et al., 2012). 
4) Fasting status – fed or fasting state, duration of fasting (Hammad et 
al., 2010; Krug et al., 2012).  
5) Number of freeze-thaw cycles - depends on the number of aliquots 
and how many times each tube was used prior to lipid analysis (Bernini 
et al., 2011; Suhre and Gieger, 2012; Teahan et al., 2006). 
6) Sample storage – time taken from sample processing to storage at -
80˚C and duration of long-term storage (Bernini et al., 2011). Use of 
appropriate antioxidants to prevent lipid oxidation (generation of F2-
isoprostanes, malondialdehyde etc) during storage (Breusing et al., 
2010). 
  
 It is important to control as many variables as possible in order to 
minimize process variation, though standardizing every factor is difficult. 
Another source of technical variation stems from the instrument used for 
analysis, i.e. MS (Ekroos et al., 2010). As MS is widely used for lipids, it is 
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important to be able to understand the performance specifications and 
limitations of the instrument before being able to use it for quantitation and 
detection (Crutchfield et al., 2010; Edmond de Hoffmann, 2007). A different 
set of factors influence variation including instrumentation parts (e.g. sample 
loop, injection needle, probe, capillaries, and drift of operation of electronic 
components) and sample analyses (matrix effects, ionization) (Benton et al., 
2012; Dunn et al., 2012). As such, the study design plays a critical role in 
controlling or accounting for these variables as much as possible (Suhre and 
Gieger, 2012).  
  
 Typically, the greatest issue during the course of a MS analysis is a 
change in sensitivity (normally a decrease) as sample components aggregate 
in the electrospray ion source (affecting ion transmission from atmospheric to 
vacuum regions of the MS) (Dunn et al., 2012). Matrix components from 
samples are the primary reason for degradation in analytical performance 
(Dunn et al., 2012). Furthermore, uncontrolled fluctuations in signal intensity 
due to the lipid extraction and analytical processes can affect data processing 
and interpretation (Dunn et al., 2012). Fortunately, non-naturally occurring 
lipid standards can be spiked into the samples at different stages of sample 
processing, which facilitates the correction of signal intensity, as previously 
described (Bou Khalil et al., 2010). As different classes of GPLs and SPs 
have different ionization patterns, it is essential to spike an internal standard 
unique for each lipid class measured. This facilitates data normalization under 
the assumption that a given lipid standard undergoes similar fluctuations as 
members of that lipid class (Benton et al., 2012; Wenk, 2005).  




 A recent review by Suhre and Gieger (Suhre and Gieger, 2012) 
has highlighted the important factors to be considered in the study design 
when looking at biological variation. An overview of this study’s workflow is 
shown in Figure 1-4. 
 
 
Figure 1-4: Workflow considerations in this study. 
Study design :  Population, sample type
Sample collection : Standard operating protocols, sample 
quantities
Sample storage: Aliquots, labeling, freezing conditions
Sample preparation: Lipid extraction, type of lipids
Sample analysis: MS instrumentation, approach (targeted)
Data analysis: Statistical analysis, variables
Data interpretation: Biochemical, functional relevant trends
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1.4.1.2  Quality control samples  
 
 One measure of controlling technical variation is through the 
employment of proper quality control samples (QC) (Gika et al., 2012). 
Generally, QC samples are similar in metabolic and sample matrix 
composition as the biological samples under study (Dunn et al., 2011). This 
serves as a rationale comparison to other samples in the study when looking 
at sample intensity and instrument performance. QC samples can be of 2 
types: 1) pooled QC samples, essentially a mixture of either all or a small 
subset of the samples in the study that would be uniformly used throughout 
the study and 2) external QC samples, such as commercially available QC 
samples or samples obtained from other studies used for the same purpose 
(Dunn et al., 2012; Gika et al., 2012). There are advantages and 
disadvantages for both types of QC samples. For example, pooled QC 
samples are very similar in composition to the biological samples under study 
and will be more comparable (Benton et al., 2012; Dunn et al., 2012). External 
QC may be cleaner in matrix background but have different composition of 
lipids and amounts, thus making their comparison with samples from a given 
study set more difficult (Gika et al., 2012). 
  
 Study design plays an important role in determining the type of QC 
samples to be chosen. Studies involving a small controlled sample population, 
where collection of samples can be completed prior to processing and 
analysis, can utilize the pooled QC approach (Dunn et al., 2012). For larger 
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studies where sample collection takes a longer time period and sample 
processing as well as analysis is performed continuously, external QC may be 
a better option. QC samples are vital in any study design as they can be used 
to account for both process variability as well as instrument variability. QC 
samples that are extracted and stored with the biological samples can serve 
as a platform to look for processing variation between different batches of 
samples or can be used to monitor instrument variation and analytical 
reproducibility within a batch analysis, sometimes termed as an analytical 
block (Kamleh et al., 2012). This can help to determine if a particular batch 
analysis can be accepted or rejected based on the percentage of coefficient of 
variation (COV) of the QC samples, typically acceptable up to around 15-20% 
of the QC mean (Kamleh et al., 2012). QC samples can also be used for 
signal correction between analytical blocks (Kamleh et al., 2012). The 
frequency of QC sample injections also matter and the number of QC 
samples to be analyzed would depend on the length of each analytical block 
(Dunn et al., 2012). This is especially useful when there are many samples 
having staggered analysis times over longer time periods, where instrument 
sensitivity and detection may not be constant throughout (Dunn et al., 2012). 
 
 The incorporation of QC samples in study design is becoming more 
prominent and is considered as a reliable standard for controlling technical 
variation (Gika et al., 2012; Kamleh et al., 2012). 
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1.4.1.3  Technical variation for measured lipids 
 
 In recent years, several groups have attempted to establish the 
range of technical variation in lipid measurements using MS (Crews et al., 
2009; Ekroos et al., 2010; Sandra et al., 2010). Despite different lipid 
extraction procedures and MS types harnessed for analysis, the general 
reported technical variation is within 20% whereas some lipid classes show a 
variation of up to 30% (Chau et al., 2008; Ekroos et al., 2010). Clearly, higher 
intensity lipids tend to have a lower COV and are thus less variable across 
repetitive measurements as compared to lower intensity lipids which are close 
to background noise (Horwitz, 1982). 
 
1.4.2 Lipids as biomarkers 
 
 Lipid metabolism is tightly regulated and has an impact on various 
physiological functions including membrane composition, signal transduction, 
energy storage and biological messenger functions (Wenk, 2005). Aberrant 
lipid metabolism often leads to onset of pathologies, and thus the precise 
balance of lipids and their effectors can serve as biomarkers (Fernandis and 
Wenk, 2007; Wymann and Schneiter, 2008). Most importantly, lipid 
biomarkers can be placed into biological context by means of their metabolic 
pathways (Wiest and Watkins, 2007). However, biomarker studies often face 
problems of non-uniformized sample collection, processing and analysis 
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(Teahan et al., 2006). Reproducibility of analytical platform used is also 
important for reliable detection of biomarkers (Gao et al., 2005).  
 
 There is an increasing amount of clinical studies being performed 
in biofluids, looking at the potential role of lipids in various pathological 
conditions including neurological (Blennow et al., 2010; Schwarz et al., 2008), 
immunological disorders (Brinkmann, 2007; Rivera and Olivera, 2007; 
Wheeler et al., 2008), diabetes (Lin et al., 2006) and cardiovascular conditions 
(Stojiljkovic et al., 2002). In the general human population, genetic, 
environmental and lifestyle factors significantly differ, including physical 
activity, mental status as well as microflora (both in and on man), thus the 
biological variability will be high (Mamas et al., 2011). If these factors are not 
carefully considered, it can lead to difficulty in reproducing identified 
biomarkers from published studies across various pathological states (Wiest 
and Watkins, 2007).  
 
While the search for better therapeutic interventions based on lipid 
biomarkers are necessary (Bou Khalil et al., 2010), it is imperative to first 
understand and quantify the natural variation of lipids among healthy 
individuals before differentiating a disease state from a healthy individual 
(Krug et al., 2012; Stoop et al., 2010). For example, if a person suspected of 
systemic lupus erythematosus (SLE) gives plasma for diagnostic testing, the 
panel of lipids measured can be identified as significantly variable if the values 
are outside the range of normal biological variation for those lipids. Thus, it is 
vital to first establish the natural variation of lipids in plasma across a large 
                                                                                                       Introduction 
34 
 
well-represented cohort of healthy individuals in any population prior to future 
lipid biomarker development (Figure 1-5). Biological variation in human 

























Figure 1-5: Conceptual understanding of the biological variation across 
individuals in a population (left panel) and its application in subsequent 
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1.4.3 Biological variation 
1.4.3.1  Biological variation in human plasma 
 
 Lipids are metabolites which are the endpoints of the molecular 
pathways regulated by proteins (Bruce et al., 2009). With the advent and 
improvement of modern day technology such as MS and NMR, there is an 
increasing interest to identify and quantify these lipids across various complex 
biological materials including human plasma. 
 
 A recent comprehensive profiling of the human plasma lipidome by 
Quehenberger et al. has shed some light on the magnitude of structural 
diversity of these lipids (Quehenberger et al., 2010). The ability to distinguish 
biological, i.e., “true”, variation from technical variation is a key concern in 
metabolic profiling studies, regardless of the analytical platform and the 
sample type (Lindon et al., 2005; Teahan et al., 2006). Characterizing the 
technical range of variation due to factors like sample collection is important to 
prevent misinterpretation of data (Bando et al., 2010). It is essential to define 
the degree of technical variation before measuring absolute quantities of 
these lipids (Masson et al., 2011; Molloy et al., 2003) in order to obtain a 
‘‘natural,’’ stable, and invariant metabolic profile that is typical of a given 
subject, even if not necessarily unique in healthy human individuals (Assfalg 
et al., 2008). 
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1.4.3.2  Factors affecting biological variation 
 
 The lipidome is affected by various physiological factors like 
genetic drift, age, dietary variation, estrus cycle (Bell et al., 1991; Bollard et 
al., 2001; Gavaghan et al., 2002), gender, ethnicity (Lawton et al., 2008), 
feeding state and circadian rhythm (Dallmann et al., 2012). This exarcebates 
the difficulty in distinguishing between pathophysiological responses and 
biological variation (Bollard et al., 2005). 
 
 The dynamic changes that a lipidome undergoes was coined 
plasticity (Houshyani et al., 2012). Lipid levels are known to be perturbed on a 
day-to-day basis (Dallmann et al., 2012; Minami et al., 2009). In mice, some 
lysolipids display remarkable circadian patterns with up to 2-fold differences in 
their levels (Minami et al., 2009). Whereas modern mass spectrometers 
provide linear outputs over several orders of magnitude (linear dynamic 
range), the biologically relevant dynamic range is lipid specific, varying from 
two- to three-fold for abundant membrane lipids to 10- to 100- fold in extreme 
cases (such as mediator lipids) (Wenk, 2010). Furthermore, lipids are also 
found at very different basal concentrations and have distinct temporal 
dependencies (Wenk, 2010). This may vary depending on cell type or 
organism of interest. 
 
  Studies on biological variation of healthy populations have been 
reported. A recent study by Rutherford et al. reported higher prevalence of 
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lower HDL-Chol levels in the healthy Filipino women population when 
compared to the US population, highlighting ethnic differences in lipid profiles 
(Rutherford et al., 2010). Similarly, effects of age (Yu et al., 2012), gender and 
ethnicity were studied (Hicks et al., 2009) by MS in plasma samples of a 
healthy representative US population consiting of Caucasians, Hispanics and 
African-American where significant changes with lipid metabolism was 
observed with age (Lawton et al., 2008).  
 
 Genetic variation can also have a significant impact on lipid levels 
(Demirkan et al., 2011; Hicks et al., 2009; Teslovich et al., 2010). Other 
studies which have been predominantly done on European populations (Hicks 
et al., 2009; Kathiresan et al., 2008) and East Asians (Chinese, Koreans and 
Filipinos), South Asians and African Americans (Teslovich et al., 2010) 
additionally confirm ethnicity dependent differences in lipid metabolism. 
Several studies have shown that single-nucleotide polymorphisms (SNP) in 
genes involved in lipid metabolism affect lipid levels through catabolism, 
anabolism and trafficking of lipids (Hicks et al., 2009). 
 
1.4.2.2.1  PUFA lipids and biological variation 
  
 Many studies have arguably considered dietary intake as an 
important aspect of variation in lipid profiles across different populations, 
including supplementation and dietary polyunsaturated fatty acids (PUFA) 
(Calzada et al., 2010; Hodge et al., 2007b; Rudkowska et al., 2013). PUFA 
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refer to the class of fatty acids with multiple unsaturations in the aliphatic tail 
(Tanaka et al., 2009). PL containing short-chain PUFA are endogenously 
synthesized while PL containing long-chain PUFA can either be synthesized 
from two essential fatty acids (oleic acid and palmitic acid) or obtained 
exogenously via dietary sources (Tanaka et al., 2009) . Depending on the 
position of the double bonds, long-chain PUFA can be either classified as n-3 
or n-6 (E.Vance, 2008). PUFA can be incorporated by other lipids in their 
chains and thus studying their effect on lipid profiles is important (Tanaka et 
al., 2009). n-3 and n-6 PUFA are commonly used in dietary intervention 
epidemiological studies, where lipid profiles of various body fluids and organs 
(plasma, serum, red blood cells, and adipose tissue) are studied over a period 
of time (Tanaka et al., 2009). For example, the consumption of dietary 
flavonoids associated with a fruit and vegetable rich diet has been shown to 
increase plasma levels of n-3 PUFA (Toufektsian et al., 2011). 
 
 Studies have shown a strong correlation between intake of PUFA 
with plasma PL FA composition (Hodge et al., 2007b) and changes in LDL 
composition (PL and CholE) in healthy individuals (Calzada et al., 2010). 
However, several controversies exist on the influence of diet on lipid profiles 
and this could be due to absence of standardized study designs and reporting 
methods to assess dietary intake (Tanaka et al., 2009). 
 
 Some of the studies performed till date on biological variation in 
healthy individuals is summarized in Table 1-1. It can be seen that more 
biological variation studies have been carried out in recent years. Based on 
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literature, it is recognized that there is a need to characterize biological 
variation from adult healthy individuals, particularly in populations of Asian 
ethnicity. Multi-ethnic societies like the Singaporean population provide an 
interesting cohort to study due to their cohabitation and unique genetic 




Table 1-1: Summary of some human biological variation studies performed in 
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1.4.3.3  Biological variation in the healthy Singaporean population 
 
 The Integrative Omics platform (iOmics) was initiated in 2010 and 
involves three main teams, genomics, transcriptomics and lipidomics. This 
platform was established to provide a descriptive analysis of the natural 
physiological variation between healthy individuals of Singaporean population, 
comprising of equal ratios of the Chinese, Indian and Malay ethnicities. The 
participants were selected based on the absence of major metabolic disease, 
as described in Chapter 2. This is the first study looking at biological variation 
in a unique Asian population, representative of most of Southeast Asian 
countries. The work presented in this thesis is based on the lipidomics 
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1.5  Aims of this thesis 
 
 Based on the importance in establishing true biological variation, I 
decided to first quantify technical variation by employing several 
methodological considerations like QC before analyzing biological variation. 
Here, an ESI-based QqQ targeted approach (MRM) is used to quantify 138 
lipid species across 10 lipid classes of GPLs, SPs and STLs known to exist in 
the human plasma (Quehenberger et al., 2010) in 360 healthy individuals in 
the Singapore population. The following aims are covered in this thesis: 
 
1) Technical variation from sample processing and instrumentation. 
 
2) (a) A small scale pilot study (separate from the main study) looking at 
effect of multiple time-point collection on lipid profile. 
 
(b) Biological variation for 360 healthy fasting individuals that is 
representative of the Singaporean population is analyzed.
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CHAPTER 2  
MATERIALS AND METHODS 
 
2.1 Chemical and reagents  
 Chloroform and methanol were purchased from Fisher Scientific 
(UK) and were of LC grade. Chloroform and methanol were purchased in bulk 
to ensure same production batch to reduce variability due to solvent 
composition (Dunn et al., 2012). Piperidine was purchased from Sigma 
Aldrich (USA). Milli-Q water was obtained from Arium 611VF purification 
system (Sartorius, Germany). 
 
2.2 Materials 
 Axygen MCT-175-C Ultra clear eppendorf tubes were purchased 
from Axygen Scientific (USA). Cryotubes (2 ml and 5 ml) were purchased 
from Greiner Bio-one (Germany). BD Vacutainer® plastic plasma tubes with 
ethylenediaminetetraacetic acid (EDTA) as anti-coagulant were purchased 
from Biomed Diagnostics (Singapore). All tubes were purchased in bulk to 
ensure same production batch. All lipid standards were purchased from 
AVANTI Polar Lipids (USA) and Echelon Biosciences (USA) (for GPL and SP 
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standards) and CDN Isotopes Inc. (Canada) and Medical Isotopes Inc (USA) 
(for ST standards). Nitrogen gas for running the mass spectrometer was 
purchased from Cryoexpress Singapore (Singapore). 
 
 Triple quadrupole instrument ABI 4000 (Applied Biosystems, USA) 
coupled with Agilent 1100 Autosampler system (Agilent Technologies, USA) 
was used for measurement of all GPLs and SPs using ESI. Triple quadrupole 
instrument ABI 3200 (Applied Biosystems, USA) coupled with Agilent 1200 
series HPLC system (Agilent Technologies, USA) was used for analysis of 
STLs using APCI. Nitrogen was used as a collision gas in all instruments. 
 
2.3 Ethics statement 
 All healthy human plasma samples were collected in accordance to 
ethical guidelines and protocols approved by the National Health Group 
Institutional Review Board (IRB 10-434), Singapore. All participants who were 
approached and agreed to participate in this study were required to provide 
written consent. Participants could withdraw, refuse participation or 
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2.4 Sample collection and processing 
2.4.1  Pilot study 
 
 All participants were of Singaporean nationality consisting of 4 
Chinese, 2 Malay and 2 Indian (in round 1) and 4 Chinese,4 Indian and 1 
Malay for round 2 (validation round). Ethnicity of each subject was ensured by 
obtaining verbal confirmation on information of their grandparents’ and 
parents’ ethnicity. Subjects voluntarily participated in this study and did not 
have any existing major health conditions like diabetes and cardiovascular 
disease. Female subjects were ensured not to be pregnant at time of 
sampling. Samples were collected by trained phlebotomists. All participants 
had fasted overnight and blood was taken after a minimum of 10 hours of 
fasting. Only consumption of water was allowed during fasting period. A 
standardized breakfast was given to all participants within 30 mins of the first 
blood draw. Blood was drawn again two hours post breakfast. Participants 
were then given a standardized lunch and the last time-point for blood 
collection was done two hours post lunch. An overview of the pilot study for 
both rounds is shown in Figure 2-1. 
  
10 ml of whole blood samples were collected into BD Vacutainer® 
plastic plasma tubes with EDTA as anti-coagulant by venipuncture. Tubes 
were inverted three to five times to allow adequate mixing of blood with the 
anticoagulant. Plasma was processed by spinning 10 ml of the collected blood 
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at 2200xg for 15 mins at 4˚C using a swing-out bucket rotor centrifuge 
(Allegra 6R Centrifuge, Beckman Coulter, USA). The top plasma layer was 
then removed by carefully transferring the supernatant to fresh 5 ml cryovials. 
500 µl of plasma near the plasma-blood interface layer was left to avoid any 
possible contamination by platelets. Subsequently, the plasma was aliquoted 
to 100 µl and 1 ml aliquots in fresh tubes. The plasma was initially frozen to 
−20°C before transferring to −80°C within 45 mins of blood collection. All 
aliquots were stored at -80°C. Sample aliquots were ensured to undergo 
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2.4.2 Main study 
 
 All participants were of Singaporean nationality, consisting of equal 
proportions of Chinese, Malay and Indian ethnicities. Samples were collected 
from healthy Singaporeans defined by absence of major clinical diseases 
including diabetes and stroke. Participants were selected from the Singapore 
Consortium of Cohort Studies. Their age group was restricted to 40 to 69, with 
an average age of 49 to 53 across the three ethnic groups. Higher compliance 
rates of females to participate in this study resulted in a 1.7:1 female:male 
ratio across all three ethnicities. Samples were collected at a fixed venue by 
trained phlebotomists over a period of seven months. Participants were 
required to fast overnight for at least eight hours and samples were collected 
between 8 to 10 am in the morning. Blood collection was done as previously 
described in Section 2.4.1. 
 
 Chol, HDL and LDL was clinically measured in processed plasma. 
Briefly, plasma was processed by spinning blood at 3000rpm for 10 mins at 
room temperature. Chol, HDL and LDL levels were then measured by 
colorimetry method, as routinely used in clinics. These measurements were 
made by Lee Kian Ng (National University Hospital). 
 
 Background information of the participants was collected using the 
Singapore Consortium of Cohort Studies official questionnaire. The 
comprehensive 50 page questionnaire included information on the 
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participants’ lifestyle factors (smoking), personal and family medical history, 
physical activity and social background. An intensive food frequency 
questionnaire was also included to gauge participants’ dietary habits. These 
information was not analyzed in this study. 
 
2.4.2.1 Technical variation studies 
 
 Three technical variation studies were performed – technical 
variation study (TVS), validation study (VS) and quality control study (QCS).  
 
 In TVS, 10 samples were chosen from the 360 samples and four 
sample aliquots from each individual were stored and processed together to 
account for process variation. Each of these aliquots was analyzed by MS at 
two different days with two replicates each (total four times) to account for 
instrument variation. This resulted in 16 MS analyses for each individual 
sample and subsequent analyses were done based on process replicates or 
instrument replicates. Technical variation data was analyzed based on 
process, instrument and subject variation, and represented by coefficient of 
variation (COV) vs intensity plots. Process variation is the COV calculated 
based on the measurements across four aliquots of the same sample, i.e. an 
average of all MS measurements for these 4 aliquots, averaged across the 10 
subjects. Instrument variation is COV calculated based on the MS 
measurements for each aliquot across the two days, i.e. eight measurements 
in the mass spectrometer, averaged across the 10 subjects. Subject variation 
is the COV calculated based on an average of all MS measurements per 
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individual subject, averaged across the 10 subjects in this study. Process 
variation includes instrument variation due to the calculation of COV 
measurements across the aliquots run on different days. Data is represented 
as COV vs intensity plots for all the lipid classes. 
 
 In VS, 18 samples were randomly chosen from the main study and 
re-analyzed to give an additional measure of technical variation. In QCS, 
pooled samples from the main study were used as QC samples. QC samples 
were analyzed 20 times within the same day to assess intraday variation for 
all GPLs and SPs. As the same sample was analyzed repeatedly, this study 
gives an indication of instrument variation within a day, to assess its suitability 
for large scale studies involving multiple batches. Data from both these 
studies are represented in the form of boxplots and barplots. 
 
2.5 Sample Handling 
 All samples were thawed and aliquoted into 1 ml in cryovials and 
100µl in eppendorf clear tubes. The former was stored for future independent 
validation analysis and the latter was used for analysis in this study. One 
freeze-thaw cycle was defined as thawing a sample at 4°C for more than 30 
mins. The number of freeze-thaw cycles were recorded and kept consistent 
within samples. All samples were frozen and stored at −80°C until lipid 
extraction. 
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 Detailed information on study design will be outlined in the 
technical variation chapter (Chapter 3). 
 
2.6 Lipid extraction 
 Pre-chilled solvents were used throughout lipid extraction. Lipids 
were extracted according to a modified Bligh and Dyers extraction method 
(Bligh and Dyer, 1959). 100 µl of thawed plasma was used for lipid extraction 
as previously described (Guan et al., 2006; Shui et al., 2007). Briefly, 900 µl of 
ice cold chloroform-methanol 1:2 (volume to volume (v/v)), were added to the 
plasma and vigorously vortexed for 1 min followed by shaking at 4˚C at 1200 
rpm for 30 min using thermomixer (Eppendorf, Germany). 300 µl ice cold 
chloroform and 300 µl of ice cold Milli-Q water were added to break phases. 
The samples underwent 2 min of vigorous vortexing and centrifugation at 
12000 rpm for 3 mins. The lower organic phase, containing majority of lipids, 
was transferred to a fresh tube and kept on ice. The aqueous phase was re-
extracted with 500 µl of ice cold chloroform, vortexed again for 2 mins and 
centrifuged at 12000 rpm for 2 mins. The organic fraction was collected again 
and combined with the first extraction. Pooled samples were then dried under 
vacuum using a miVac Duo Concentrator (Genevac Ltd, UK). Samples were 
stored at −80°C until further analysis by MS. An overview of the lipid 
extraction procedure is shown in Figure 2-2. 
 
 





Figure 2-2: Overview of lipid extraction procedure used in this 
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Final composition C:M (1:1)
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2.7 Lipid analysis 
 Dried lipid extracts were re-suspended in 200 µl of chloroform: 
methanol (1:1 v/v). 20 µl of resuspended lipid extract was spiked with 20 µl of 
2x internal standard mixture that was prepared separately, containing 
representative standards for each lipid class purchased commercially (Avanti 
Polar Lipids and Echelon Biosciences, USA). A summary of the standards 
used in this study is shown in Table 2-1. The internal standard mixture 
consisted of PA (1,2-dimyristoyl-glycero-3-phosphate or DMPA; final 
concentration 0.1 µg/ml), PE (1,2-dimyristoyl-glycero-3-phosphoethanolamine 
or DMPE; final concentration 4 µg/ml), PG (1,2-dimyristoyl-glycero-3-
phospho- (1'-rac-glycerol) or DMPG; final concentration 0.1 µg/ml), PI (2-
dioctanoyl-glycero-3-phosphoinositol or C8PI; final concentration 1 µg/ml), PS 
(dimyristoyl-glycero-phosphoserine or DMPS; final concentration 0.1 µg/ml), 
PC (1,2-dimyristoyl-glycero-3-phosphocholine or DMPC; final concentration 
20 µg/ml), SM (lauroyl sphingomyelin or LSM; final concentration 12 µg/ml), 
Cer (N-heptadecanoyl-D-erythro-sphingosine or C17Cer; final concentration 
0.5 µg/ml) and GluCer (D-glucosyl-β1-1‘-N-octanoyl-D-erythro-sphingosine or 
C8GluCer; final concentration 0.5 µg/ml) species.  
 
 20µl of sample was injected using an Agilent 1100 Autosampler 
system (Agilent Technologies, USA) for MS analysis using a triple quadrupole 
instrument ABI 4000 (Applied Biosystems, USA). Lipids were ionized by ESI 
and each individual lipid molecular species was analyzed using MRM 
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measuring over 100 unique transitions. The samples were first analyzed in 
negative ion mode measuring transitions corresponding to PA, PE, PG, PI, PS 
and ganglioside mannoside 3 (GM3) and afterwards PC, SM, Cer and GluCer 
specific transitions were analysed in the positive ion mode. Chloroform: 
methanol (1:1) with 2% of 300mM piperidine was used as the mobile phase 
for lipids ionized in the negative ion mode (piperidine was used as a base to 
favour the formation of negative ions) and chloroform: methanol (1:1) was 
used as the mobile phase for lipids ionized in positive ion mode (methanol as 
a source of protons). Piperidine is a well known base that is used to enhance 
the signal of polar PL measured by ESI in the negative ion mode (Lytle et al., 
2000). Instrumentation parameters for ionization were previously established 
(Shui et al., 2007). Scan time was fixed at two mins for each ion mode and 
dwell time was 20ms for negative ion mode and 18ms for positive ion mode 
respectively. All samples in each batch were analyzed in negative ion mode 
before switching polarity for positive ion mode analysis. Two 
chloroform:methanol (1:1) blanks were run between each sample for negative 
ion mode, and three chloroform:methanol (1:1) with 1% piperidine blanks 
were run between each sample for positive ion mode.  
 
 STLs analysis was done as previously described using APCI LC-
MS (Shui et al., 2011a). Briefly, 20 µl of resuspended lipid extract was spiked 
with 20 µl of 2x internal standard mixture that was prepared separately, 
containing representative standards for each lipid class purchased 
commercially (CDN Isotopes Inc, Canada and Medical Isotopes Inc, USA). 
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The internal standard mixture consisted of cholesterol d6 (final concentration 
15 µg/ml), cholesterol ester (final concentration 15 µg/ml), 7-ketone (final 
concentration 0.5 µg/ml), 7β-hydroxycholesterol (final concentration 0.5 
µg/ml), 24-hydroxycholesterol d7 (final concentration 0.5 µg/ml) and 
zymosterol (final concentration 0.5 µg/ml) species. 
 
 Samples were initially separated on Agilent Eclipse XDB-C18 
reverse phase column (5 µm, 4.6 x 150 mm) (Agilent Technologies, USA) 
before injection into the mass spectrometer. Typically, 10 µl of the sample 
was injected for analysis. The inlet system consisted of a Agilent 1200 series 
HPLC system (Agilent Technologies, USA). Chloroform-methanol (1:1 v/v) 
was used as the mobile phase for isocratic elution at a flow rate of 0.5 ml/min 
with an analysis time of 10.5 mins. The column elutes were measured using 
heated nebulizer in positive ion mode through a ABI 3200 triple quadrupole 
instrument (Applied Biosystems, USA). The source temperature was 
maintained at 500°C. The individual molecular STL species were identified 
using MRM approach. Dwell time was 30ms. One C:M(1:1) blank was run 
every 10 samples analyzed for STs in the positive ion mode. Chol and its 
derivates were measured based on monitoring precursor of m/z 161 for Chol, 
m/z 167 for CholE, m/z 159 for 7 dehydroChol, 7β-hydroxyChol (7β-OHChol) 
and 24-hydroxyChol (24-OHChol), and m/z 175 for 7-ketoChol.  
 
 A summary of the instrument parameters used in this study is 
shown in Table 2-2. Baseline signal was stable throughout run and varied 
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within 15% for all analyses. Ion source and instrument parts (needle, needle 
seat, tubings) were thoroughly cleaned and sonicated with 100% methanol, 
followed by chloroform: methanol (1:1) prior to and at the end of each batch 
analysis (total 16 batches for GPLs and SPs; 2 batches for STLs) to ensure 
minimal contamination between each batch analysis. The instruments were 
equilibrated with blanks (same as the mobile phase) and 3-5 pooled QC 
samples were run to ensure system stability prior to sample analysis. 
Samples were randomized to ensure that all experimental samples were 
affected to a similar extent, avoiding any bias in subsequent statistical 
analysis (Want et al., 2010). 
 
 A list of all the lipids measured in this study by MRM and their 
respective collision energies (CE) is given in Supplementary Table 6-1. A 















Table 2-1: Summary of the list of standards used in this study. 
 
 






1:1 Conc  of 
sample:standard      
ug/ml
1 DMPA 614.767 ESI Neg 591.6 227.3 0.1 AVANTI
2 DMPG 688.845 ESI Neg 665.4 153.0 0.1 AVANTI
3 DMPE 635.853 ESI Neg 634.7 196.1 4.0 AVANTI
4 DMPS 701.844 ESI Neg 678.1 591.6 0.1 AVANTI
5 diC8 PI 608.59 ESI Neg 585.5 241.1 1.0 AVANTI
6 DMPC 677.933 ESI Pos 678.7 184.0 20.0 AVANTI
7 L- SM 646.922 ESI Pos 647.9 184.0 12.0 AVANTI
8 C17 Cer 551.927 ESI Pos 552.6 264.4 0.5 AVANTI
9 C8 Glu Cer 587.44 ESI Pos 588.8 264.4 0.5 AVANTI
10
d6 C18 Cholesterol 
ester
392.7 APCI Pos 375.3 167.0 15.0 CDN ISOTOPES 
INC












409.7 APCI Pos 392.3 159.0 0.5 CDN ISOTOPES 
INC
14 24-hydroxycholesterol 402.66 APCI Pos 374.3 159.0 0.5
MEDICAL 
ISOTOPES INC






Positive ion mode Negative ion mode Sterols
Curtain Gas 20L/min 20L/min 10L/min
Ion spray voltage 5500V -4500V 5500V
Temperature 300˚C 300˚C 500˚C
Ion source gas 1 30L/min 40L/min 60L/min
Ion source gas 2 40L/min 30L/min 35L/min
Flow rate 0.25ml/min 0.25ml/min 0.50ml/min
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2.8 Data analysis and bioinformatics 
2.8.1 Data extraction and pre-processing 
 
 Data for each GPL and SP lipid species were extracted using an in-
house developed MATLAB algorithm (Bowen Li, National University of 
Singapore) (Math Works, USA) to obtain signal intensity. Extracted data in 
text format was imported into MS Excel (Microsoft, USA) and signal intensity 
was normalized to the representative spiked internal standards to obtain 
relative measurements as previously described (Brugger et al., 1997). GM3 
levels were normalized to PI internal standard. For STLs species, signal 
intensities were extracted according to their retention time using an in-house 
developed MATLAB algorithm (Bowen Li, National University of Singapore) 
(Math Works, USA) and imported into MS Excel (Microsoft, USA). Relative 
lipid concentrations were calculated by normalization to representative spiked 
internal standards.  
 
2.8.2 Technical variation study 
 
 COV were measured on raw data normalized to spiked internal 
standard. COV is calculated as the ratio of standard deviation to the average 
intensity, multiplied to 100 to get the values in percentage, as previously 
described (Ekroos et al., 2010). Instrument, process and subject COV are 
calculated as described in Chapter 3. 
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2.8.3  Biological variation study 
2.8.3.1 Pilot study 
 
 One-way analysis of variance (ANOVA) test of significance (two-
tailed, p<0.05) with Bonferroni adjustment was used to analyse GPLs and 
SPs which were significant across the three timepoints, i.e. overnight fasting, 
two hours post breakfast and two hours post lunch for both pilot and validation 
rounds. 
2.8.3.2  Main study 
 
 Batch effect correction and normalization was done using pooled 
QC samples and is further described in Chapter 3. The effectiveness of the 
batch effect correction method was represented by principal component 
analysis (PCA) plots where the largest variance was explained by the first 
principal component. Cer and SM (m/z 184) are excluded from biological 
variation analysis.  
 
 QC normalized lipids were tested for significant difference across 
ethnicity using student’s t-test (two-tailed, p<0.05) in MS Excel (Microsoft, 
USA). For global overview of pairwise comparisons of all lipid species across 
ethnicity, p-values obtained using student’s t-test (two-tailed, p<0.05) were 
ranked across the three comparisons (Chinese vs Malay, Chinese vs Indian 
and Indian vs Malay). These ranks for each lipid species were added to give a 
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rank score. The rank score was then sorted and the median rank score with 
median absolute deviation was obtained. Difference between the combined 
rank and combined median rank score was calculated. The lipids were 
ordered based on the highest rank difference, with highest rank difference 
being most significant. The data is represented in a scatter plot plotted as log 
p-value (primary y-axis) and combined rank score (secondary y-axis, 
trendline) against lipid species (x-axis) using MS Excel (Microsoft, USA).  
 
 For hierarchical clustering analysis, z-score of each lipid was first 
calculated after excluding lipids significant due to gender (t-test, two-tailed, 
p<0.05). Remaining lipids were clustered by hierarchical clustering using 
Pearson correlation distances (uncentered) with average-linkage implemented 
in the open ware clustering software Cluster3.0 (Eisen et al., 1998). The 
calculated dendrogram was visualized using the open ware software Java 
TreeView (Saldanha, 2004) with the colours red (upregulation), green 
(downregulation) and black (no change). Patterns in identified clusters were 
further analysed by MS Excel (Microsoft, USA). 
 
 Lipid species were analyzed for ethnic differences according to 
carbon chain length, degree of unsaturation and ester/plasmalogen (a/p) 
species using student’s t-test (two-tailed, p<0.05) in MS Excel (Microsoft, 
USA) and significant differences were represented by density plots with 95% 
confidence interval of the mean of each ethnic population using R (Team, 
2008) (by Bowen Li (National University of Singapore). All lipid species with 
an ester bond (usually at sn-1 position) are denoted as a lipid species, while 
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all lipid species with an ether bond or plasmalogen vinyl ether bond are 
denoted as p lipid species. Density plots are plotted as density (frequency) 
against normalized lipid intensity. Gender differences determined by a 
significant p-value (t-test, two-tailed, p<0.05) were analysed separately for 
male and female, represented by bar charts.  
 
 QC normalized lipids were also tested for significant difference 
across ethnicity using linear regression with type II ANOVA (two-tailed, 
p<0.05) in R (Team, 2008), taking into account age and gender (by Bowen Li 
(National University of Singapore)), according to carbon chain length, degree 
of unsaturation and a/p species. Statistical significance across ethnicity is 
reported in tabular format. 
 
 Statistical validation for observed ethnic differences was done 
using permutation test in R (Team, 2008) (by Bowen Li ,National University of 
Singapore). An arbitrary cutoff of p>0.005 was considered significant (i.e. five 
out of 1000 permutations). A p-value of 0.001 indicates either zero or one out 
of 1000 permutations is likely to produce the a significant ethnic dependent 
difference due to random chance. 
 
 Clinical measurements of HDL and LDL were correlated with p lipid 
species (pPE and pPC) using Pearson correlation in MS Excel (Microsoft, 
USA). Data is represented by scatter plots with cumulative distribution (y-axis) 
against pearson correlation (x-axis). 
 




TECHNICAL VARIATION STUDIES 
 
 
3.1 Study design methodology 
 
 While mass spectrometry has been proven to be a useful tool for 
profiling lipid metabolites, there has been an increasing need to address 
issues on accurate determination and quantification of lipids in large sample 
numbers (Dunn et al., 2012). Nowadays, there is a shift from few lipid species 
in a limited sample number to larger epidemiological scale studies (such as 
the HUSERMET Consortium (Dunn et al., 2011; Zelena et al., 2009)), 
potentially requiring many hours of continuous sample analysis (Bijlsma et al., 
2006; Zelena et al., 2009). Such studies can only be carried out if high 
analytical reproducibility can be assured so that batches can be effectively 
compared across each other, irrespective of the time they were analyzed 
(Dunn et al., 2012).  
 
 Data variation can arise from several sources, including 
experimental sources (e.g., due to the analytical or sampling processes), 
biological and genetic variations (Gika et al., 2012). Currently, literature is 
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focusing on guidelines that need to be followed to ensure reproducibility of 
data and minimize technical variation (Dunn et al., 2012; Hammad et al., 
2010; Vuckovic, 2012). This is an important part of any study design so that 
true biological variation can be effectively observed (Lindon et al., 2005). In 
the first part of this chapter, the factors taken into consideration for the design 
will be outlined (Figure 3-1), while the following sections will describe the 

















Figure 3-1: Schematic diagram representing the methodological approach 








Study design :  Plasma from healthy Singaporean population 
(Chinese, Malay, Indian)
Sample collection : 5 ml plasma from 10 ml blood
Sample storage: 100 µl aliquots, standardized labeling,  sequential 
freezing from -20˚C to -80˚C within 45 mins of collection
Sample preparation: GPLs, SPs and STLs extracted by modified 
Bligh and Dyers method
Sample analysis: targeted MRM approach using shotgun and LC-
MS (QqQ instruments)
Data analysis: COV, normalization to internal standards, batch effect
Data interpretation: COV plots, biochemical interpretation
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3.1.1.1 Results and Discussion 
 
 To start with, it was necessary to standardize sample collection and 
processing. Three main parameters were considered for further investigation. 
Firstly, samples were collected after fasting state as dietary effects greatly 
impact lipidomics studies (Teahan et al., 2006). All participants were required 
to give blood samples between 8-10 am after a minimum of 10 hours 
overnight fasting (Altmaier et al., 2008). This was also to account for variation 
caused by circadian rhythm. Previous literature has shown that the time of the 
day on which the samples were taken influences inter-individual sample 
variation from healthy volunteers (Radich et al., 2004; Whitney et al., 2003). 
Furthermore, recent literature highlighted how circadian rhythm affected 
metabolic pathways (Dallmann et al., 2012; Minami et al., 2009). 
 
 Secondly, the method to obtain efficient and optimal yields of 
plasma was optimized. It was eventually optimized to spin once at 2200xg for 
15 mins at 4˚C. The choice of collection tubes and anticoagulant, BD 
Vacutainer EDTA tubes, was based on those widely used in published large-
scale human studies (Hammad et al., 2010; Hicks et al., 2009). Thirdly 
plasma was stored at -80˚C which is the universally accepted method for 
long-term storage of human biological samples (U.S. Department of Health 
and Human Services, 2001). These samples were transferred to long term 
storage cryotubes and were initially frozen to -20˚C within 45 mins of 
collection. Subsequently, they were transferred to -80˚C for longer storage. 
This was especially important for lipid analysis as quick freezing minimizes 
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degradation ensuring a more robust sample analysis (Vuckovic, 2012). 
Participants were required to give additional blood samples if red blood cells 
lysis occurred during plasma processing. Lysed plasma was discarded and 
not used for subsequent analysis. 
 
 As several studies would be carried out, all processed plasma was 
separated into 100 µl aliquots for subsequent lipid extraction and analysis. 
Every sample underwent the same number of freeze-thaw cycles for a similar 
time period. Several studies looked at the effect of freeze-thaw cycles and 
showed spectral variations depending on storage conditions (Bernini et al., 
2011; Hammad et al., 2010; Teahan et al., 2006). In this study, all samples 
analyzed did not exceed three freeze-thaw cycles prior to processing and 
analysis, which was in accordance to recommended guidelines (U.S. 
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3.2 Overview of technical variation studies 
 After optimizing the study design, the next step was to look at 
technical variation caused by sample processing and instrumentation used for 
analysis. Three studies were carried out in order to assess technical variation 
in 360 samples collected from the Singaporean population. An overview of the 
studies performed is shown in Figure 3-2. 
 
 
Figure 3-2: Overview of the 3 technical variation studies carried out. 
4 aliquots per sample 
(Process variation)
4 MS runs per aliquot
(Instrument variation)
4 MS runs












Study Validation Study Quality Control Study 
18 samples from main 
study
Pooled sample from main 
study 
10 samples from main 
study
Run twice – interday
variation
Run 20 times – intraday 
variation
4 aliquots per sample, 4 
runs per aliquot – inter 
and intra-day variation
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3.2.1  Results 
3.2.1.1  Technical variation study (TVS) 
 
 In this section, technical variation data obtained from 10 individuals 
(four Chinese, three Indian and three Malay individuals) from the main study 
are shown. Two main categories of variation were assessed: process 
variation and instrument variation, as previously described in Chapter 1 and 2. 
An overview of the study design is shown in Figure 3-2. 
 
 
 The measurement of choice was COV as previously described. 
COV is a widely used statistical measure of variation between comparison 
groups and was first described by Horwitz (Horwitz, 1982). Our technical 
variation data were analyzed based on process, instrument and subject 
variation, and represented by COV vs intensity plots. Data is presented for all 












Figure 3-3 COV vs log intensity plots for GPLs and SPs for (a) Instrument 
variation (b) Process variation (c) Subject variation, for process, instrument 
and subject variation for (d) STLs.Negative and positive indicate the MS ion 
mode in which the lipid classes were analyzed. Abbreviations: inst is 
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 From Fig 3-3 COV vs log intensity plots for the various lipid classes 
show a dynamic range of COV. As process COV includes instrument 
variation, the COV is higher than instrument COV alone. The difference in 
COV between instrument and process variation is small, indicating that major 
source of technical variation is coming from instrument rather than sample 
processing. Some classes intrinsically exhibit a higher COV (like Cer,GluCer 
and PA) whereas other classes like PE exhibit a lower COV. The COV for 
STLs is much lower than GPLs and SPs, which could be due to the 
methodology used for analysis, i.e. LC-MS vs shotgun approach. The 
difference in COV between instrument and process variation is small, 
indicating that major source of technical variation is coming from instrument 
rather than process.  
 
3.2.1.2  Validation study (VS) 
 
 As TVS was analyzed separately from the main study, technical 
variation from the main study was assessed by analyzing 18 randomly chosen 
samples as previously described. Lipids to be measured were revised by 
removing lipids that showed unstable measurements and a high degree of 
variation in COV. Data from this revised list of lipids are represented in the 






























Figure 3-4: Boxplot representations of COV for technical variation of 
validation batch samples for lipids analyzed in (a) negative ion mode 
(PE,PA,PI,PG,PS,GM3) (b) positive ion mode (PC, SM, Cer, GluCer) (c) 
STLs. Boxes represent lower quartile (25th percentile), median and upper 
quartile (75th percentile). Linear boundaries represent the lowest and highest 
value for each lipid. Dots are outliers (lipid values that are more than 1.5 times 
the interquartile range). 
 
 
 The COV is within 20%for most GPLs and SPs, though SPs exhibit 
a higher median COV. Some classes still exhibit a high COV, particulary for 
low abundant species like GM3, Cer and PA. STLs show lower COV when 
compared to GPLs and SPs, similar to TVS. Furthermore, the higher 
abundant species like Chol and PC show both a lower COV and a lower 
degree of variation in COV. Those low abundant species with high COV were 
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3.2.1.3 Quality control study (QCS) 
 
 Pooled samples from the main study were used as QC samples to 
assess intraday variation, as previously described. The data obtained are 
represented by COV plots as shown in Figure 3-5. 
 
As we can see from Figure 3-5, most lipids show a COV within 20%. 
Some classes exhibit a higher COV like the GM3 and Cer, whereas some 
classes exhibit a wider dynamic range of COV like PE, PS and SM. PC 
species have the lowest COV measurements, and this could be due to their 
high abundance in human plasma.These findings were also observed in the 
TVS and VS. The findings of these 3 studies will be discussed in section 3.3. 
 
 




Figure 3-5: COV plots for QCS showing the COV for GPLs and SPs analyzed 
in (a) negative ion mode and (b) positive ion mode. 
(a) (b) 




 Conceptual understanding of various technical aspects of any 
study contributing to variation is important. Technical variation influences the 
robustness of an experiment, right from initial stages of sample acquisition to 
processing and final data analysis (Bando et al., 2010; Gika et al., 2012). In 
this study, we performed a large scale human plasma sample collection, thus 
it was imperative to be able to understand the various sources of variation in 
the study design and to try to account for them as much as possible.  
 
 All 3 studies (technical variation study, validation study and quality 
control study) showed similar trends in COV across each lipid class (Figures 
3-4 to 3-6), indicating a consistent performance when analyzed using MS. As 
we can see from Figure 3-4, all the COV vs log intensity plots follow a general 
trend of high COV at low mean intensity and low COV at high mean intensity. 
This can be explained considering the limit of detection (LOD) or threshold of 
signal in the mass spectrometer. When the lipid species such as Cer have a 
low S/N ratio (Quehenberger et al., 2010), it fluctuates simply due to 
difficulties of the instrument in establishing a signal distinguishable from 
background noise (Trotzmuller et al., 2011). Noise is contributed from a 
variety of sources, mainly from the instrument itself (Ekroos et al., 2010). 
Thus, these lipid species have a high COV (Horwitz, 1982). On the other 
hand, lipid species such as PC having high S/N ratio are easier to distinguish 
from the background noise. This results in more stable measurements, hence 
a lower COV (Quehenberger et al., 2010; Sato et al., 2010). 
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 The addition of piperidine as a base enhances the ionization of lipid 
species measured in the negative ion mode, greatly improving the signal of 
certain lipid classes like PE (Lytle et al., 2000; Shui et al., 2007). It can be 
seen that PC and PE measured from the positive and negative ion modes, 
respectively, have a larger mean intensity when compared to other lipid 
classes. Recent literature showed that the majority of GPLs in plasma consist 
of PE and PC, in accordance to what we observe. (Quehenberger et al., 
2010). Furthermore, it has been reported that PE and PC are dominant GPL 
collectively accounting for 75 mol% of total GPL mass in eukaryotic 
membranes and human plasma (Han and Gross, 2005; Quehenberger et al., 
2010). In this study, adducts of lipid species with cations or anions were not 
analyzed. No acid or salts were added to solvents used for lipid extraction and 
sample analysis. Despite this, chlorinated adducts (due to chloroform) and 
sodiated adducts due to sample processing may be present and detectable in 
the negative and positive ion modes respectively, especially for predominant 
lipid species like PC and SM (Shui et al., 2007). However, this study is based 
on relative quantitation and not absolute quantitation, thus the total 
measurement of different adducts is not necessary. Furthermore, it is 
estimated that the ratio of each molecular ion to its adduct is consistent 
throughout all the analyses, allowing us to reliably report differences between 
the samples.  It is also important to note that PE and PC have multiple 
subclasses and also play diverse important roles in cellular function (E.Vance, 
2008). Other lipid classes like PI and PS exist in modest amounts in 
eukaryotic membranes and human plasma (Han and Gross, 2005; 
Quehenberger et al., 2010). 
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 While PE and PC exist in high amounts in the human plasma, they 
are detected at intensities spanning a few orders of magnitude within their 
lipid classes (Figures 3-4 to 3-6). Differences in acyl chain composition and 
degree of unsaturation of PE and PC species contribute to differences in 
ionization efficiencies (Han and Gross, 2005). Most PC and PE have 
reasonably high intensities, some species exhibit lower intensities. Lower 
intensities could result from lower concentrations in the human plasma (Han 
and Gross, 2005). In the case of lyso species, they have one FA chain and 
usually exist in lower amounts in the human plasma as observed in our 
analyses (Quehenberger et al., 2010). Thus, the stable and reliable detection 
of these lipids may be more difficult. 
  
 Some lipid classes exhibited a variable range of COV despite 
giving rise to a narrow range of intensity measurement in the MS, such as the 
GM3. This could be due to the incorrect lipid standard used for normalization. 
Here, PI standard was used to normalize GM3 but this may not be the best 
method as a proper GM3 standard may give rise to more accurate 
measurement of GM3 species. Due to the constraints in this study, PI was the 
best available standard for measuring GM3. 
 
 A similar trend was observed for STLs although not as distinct as 
GPLs and SPs. STLs are one of the most abundant lipid classes present in 
the human plasma (Quehenberger et al., 2010). Only 7 species were 
measured (Figure 3-4d), thus the COV vs log intensity plot is unable to show 
a clear trend. When looking at each individual species measured, Chol and 
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CholE have very high mean intensities with low COV range, whereas sterol 
intermediate 7-dehydroChol which has a low intensity exhibits a high COV 
range. This can be seen by the raw data which exhibits unstable signals, i.e. a 
low S/N ratio, indicating difficulty in distinguishing 7-dehydroChol from 
background noise. However, this is in line with published literature where Chol 
and CholE are between the most abundant STLs in human plasma 
(Quehenberger et al., 2010). The lower COV for STLs when compared to 
GPLs and SPs could be due to prior chromatographic separation of STLs 
(using LC) resulting in better sensitivity (Nygren et al., 2011). 
 
 Based on these 3 technical variation studies, 2 decisions were 
made before progressing to the main study; firstly, SM analysis in the main 
study was focused on the loss of water transition (m/z 18) rather than m/z 184 
though the COV was higher. This was because the intensity counts were 
more accurate and less likely to be coming from PC as previously reported 
(Liebisch et al., 2004; Pulfer and Murphy, 2003). Secondly, Cer species were 
excluded from further analysis due to unstable intensities and high COV. 
Certain lipid species with high COV above 30% were removed and the 
remaining lipid species were analyzed using the existing method with no 
further changes. 
 
 As there are a large number of samples to be analyzed for the 
main study, we had to account for batch effect due to analysis of samples in 
multiple batches. As seen by the TVS study, multiple batches were run and 
COV obtained was above 30% for some lipids. The employment of QC 
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samples and batch effect correction methods was recognized and 
subsequently implemented in the VS and QCS. Clearly, there is an 
improvement in the COV, with most lipids exhibiting a COV of less than 20%. 
Furthermore, the difficulty in obtaining reproducible data for large scale 
projects using MS has been recognized (Dunn et al., 2012). Hence, study 
design plays a critical role in these cases. Data from the QCS helped in the 
study design and multiple QC samples were incorporated into each batch. 
The concept of batch variation and normalization is further discussed in 
section 3.4. 
 
3.4 Batch variation and normalization 
 With increasing advancements in technology, we are able to better 
measure and characterize a large number of lipids with higher precision and 
accuracy (Watson, 2006). Despite rapid advancements in technological 
capabilities, often the disadvantages that this may bring have been 
overlooked so far. While the dimensions of complexity in data acquisition and 
analysis increase, the basic question of solving the problem of batch effects 
remains. Batch effects are sub-groups of measurements that have 
qualitatively different behavior across conditions and are unrelated to the 
biological or scientific variables in a study (Leek et al., 2010). For example, 
batch effects may occur if a subset of experiments was analyzed on different 
days, if two technicians were responsible for different subsets of the 
experiments, and if two different lots of reagents or instruments were used 
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(Leek et al., 2010). This can lead to systematic differences between 
measurements of different batches (Luo et al., 2010). 
  
 In these days, the focus on larger population studies is becoming 
increasingly popular in both genomics and metabolomics studies due to its 
ability to detect meaningful trends and associations between various groups 
of comparison (Gieger et al., 2008; Hicks et al., 2009). In some cases, 
significant associations are difficult to replicate in independent populations. It 
is being recognized that significant trends and associations that have been 
reported could in fact be spurious association simply due to the fact that they 
may be affected by other factors involved in the study design (Suhre and 
Gieger, 2012). Specific examples have been documented in published studies 
(Petricoin et al., 2002; Spielman et al., 2007) in which the biological variables 
were extremely correlated with technical variables, which subsequently led to 
serious concerns about the validity of the biological conclusions (Akey et al., 
2007; Baggerly et al., 2004). 
 
 In order to address the issue of batch effect, normalization 
procedures are often necessary prior further analyses (Leek et al., 2010). 
Normalization is a data analysis technique that adjusts global properties of 
measurements for individual samples so that they can be more appropriately 
compared (Leek et al., 2010) While data normalization may sometimes 
exacerbate technical artifacts in the dataset, one has to note that different 
procedures may work differently based on the study design and type of 
dataset involved. There is still no universally accepted method of batch effect 
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correction and normalization procedures for lipidomics dataset. One of the 
well studied methods of normalization using large-scale data applies a ratio-
based method based on inclusion of calibration samples (like QC) in each 
batch (Luo et al., 2010). The number of calibration samples is recommended 
to be around three to five samples per batch (Kamleh et al., 2012; Luo et al., 
2010). In this study we normalized our dataset using QC samples (QC) 
consisting in a pooled plasma sample mix (from five samples from the main 
study) representative of the sample population being studied. The pooled 
plasma samples were extracted and the reconstituted lipid extracts were 
pooled, aliquoted and frozen at minus 80 degrees in vials to be analyzed 
separately for each batch. This was to ensure that each QC vial underwent 
the same number of freeze-thaw cycles for every batch analysis. During each 
batch analysis, QC samples were analyzed three times, at the beginning, 
middle and end of the batch analysis. QC samples were used to normalize all 
the samples across different batches. An overview of the normalization 
procedure used in this study is shown in Figure 3-7. The application of this 
normalization procedure to the main study samples and effectiveness of the 
batch normalization procedure was checked by looking at the PCA plot before 
and after normalization and is shown in Chapter 4.  
 






Figure 3-6: Outline of the normalization procedure used in this study.
Batch 1 Batch 2 Batch 16
Calculate mean of quality control sample (QC) 
across all 16 batches
Calculate mean of QC in each batch and normalize 
to QC average across all batches as below:
QC coefficient = [Overall QC 
mean / Batch QC mean] x each 
lipid value in each batch





BIOLOGICAL VARIATION IN THE 
SINGAPOREAN POPULATION 
 
4.1 Pilot study 
 Taking multiple samples from a subject would allow discrimination 
between inter- and intra-individual variations and provide a more robust 
baseline (Teahan et al., 2006). However, due to logistical constraints, the 
main study of 360 subjects was only collected at one time-point, i.e. after 
overnight fasting as discussed in section 4.2. 
 
 The results of small scale pilot study, aimed at investigating the 
effect of multiple sampling from the same individual, for example, the effect of 
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4.1.1 Six PE and one PC lipid species show time-
dependent changes for both pilot and validation studies 
 
 One-way ANOVA (two-tailed, p<0.05) with Bonferroni correction 
was used to analyze all the measured GPLs and SPs and identify lipid 
species that significantly changed across three time-points, i.e. overnight 
fasting, two hours post breakfast and two hours post lunch. The abundance of 
six PE (containing two lyso PE) and one lyso PC lipid species identified to be 
significantly different across the three time-points in both pilot and validation 











Figure 4-1: Line plot showing linear trend (top panel) and scatter plot showing 
–log10 p-value (bottom panel) of the seven significant lipids from one-way 
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 A time-dependent increasing trend was observed in all subjects, 
irrespective of gender and ethnicity, and consistent with meal intake (data not 
shown). Although the observed changes could be due to differences in their 
lifestyle factors (like dietary habits), according to published reports, a single 
day of dietary standardization is sufficient to provide all of the normalization 
required within strict controls as the subjects remained stable in their 
metabolic space after 24 hours (Winnike et al., 2009). Thus, it is possible that 
significant lipid changes observed in this study could be metabolically 
important. 
  
 The significant lipid species identified were lyso PE 18:1 and 18:2, 
PE 34:1, PE 34:2, PE 36:2, PE 36:3 and lyso PC 18:2. These species are 
commonly found in circulating lipoproteins (Dashti et al., 2011). The majority 
of these lipids are esters which consist of at least one C18 FA chain carrying 
one to three double bonds (e.g. oleic acid and linoleic acid) (Quehenberger et 
al., 2010). Linoleic acid is an essential FA which cannot be synthesized by 
mammalian cells hence, need it has to be obtained by the diet, primarily from 
plant oils (E.Vance, 2008). Since most mammalian PE and PC species have 
C18 attached at the sn-1 position (Quehenberger et al., 2010), it is likely that 
the changes we observed on lysoPL could be due to differences in 
phospholipase activity, PLA2 acting only at the sn-2 position. Since PE and 
PC species tend to be incorporated into PL membrane of VLDL, we can 
hypothesize that VLDL acts as a courier to deliver these essential FAs to 
peripheral tissues (Dashti et al., 2011; E.Vance, 2008). 
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 PE 34:2, PE 36:2 and lyso PC 18:2 have been reported to be 
present in the VLDL fraction of plasma lipoproteins (Dashti et al., 2011). 
Indeed, these lipids could be exhibiting this linear increase due to meal intake. 
Our findings are similar to a previously published study where a postprandial 
increase of PE and PC species was observed in VLDL with highest values at 
two and four hours after meal intake (Sweeney et al., 1996). However, the 
reported findings were on p lipid species whereas our significant lipid species 
were all a lipid species. These differences could be due to the different 
statistical analysis methods used. The choice of considering lipid species that 
exhibited a time dependent trend across all three time-points was used in 
order to make our analysis as robust as possible. As changes in p lipid levels 
are rapid due to their high turnover rates (Magnusson and Haraldsson, 2011), 
it could have been missed in our study as we report differences across all 
three time-points instead of between any two time-points. Here, as a targeted 
approach was used, we report a subset of the FA composition present in 
these lipid species that were significantly changed across the three time-
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4.2 Main study 
4.2.1 Normalization by QC helps to reduce batch effect 
 
 As described earlier in section 3.4, QC normalization was applied 
to all the of the main study. In order to see the effectiveness of this 
normalization method, PCA plots were drawn to show the batch distribution 
(Figure 4-2). As shown in Figure 4-2, QC normalization was successfully 
applied for most lipids measured in both negative and positive ion modes, 
particularly for positive ion mode which had distinct batch clusters prior to QC 
normalization. After normalization, there was no distinct batch separation for 
batches measured in each ion mode, with overlapping PCA clusters for all 
measured batches. However, some lipid classes showed less distinct batch 




























Figure 4-2: PCA plot showing batch effect before (left panel) and after (right 
panel) QC normalization for (a) lipids measured in negative ion mode 
(PE,PA,PI,PS,PG,GM3) (b) lipids measured in positive ion mode (PC,SM, 
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4.2.2 Targeted lipidomics analysis of various 
glycerophospholipid, sphingolipid and sterol species in the 
healthy Singaporean population 
  
 We used a shotgun targeted approach using MRM to look at 132 
lipids across 9 different classes of GPLs (PE, PA, PI, PS, PG and PC) and 
SPs (GM3, SM, GluCer) as previously described. We also analyzed seven 
different STLs using LCMS approach. In order to obtain a global profile of all 
the lipids analyzed in this study, QC normalized lipids were tested for 
significant difference using pairwise comparisons between the different ethnic 
groups using student’s t-test (two-tailed, p<0.05) as previously described. 
Combined rank score is shown as a trendline (Figure 4-3(a)). The distribution 
of all the lipid species measured in this study as well as the distribution of the 
41 lipid species with highest rank scores above the median absolute deviation 







































































Figure 4-3: Global lipid profile across 
Malay, Indian and Chinese ethnicity in the 
Singaporean population for GPLs and SPs 
(a) Scatter plot showing the log p value 
(primary y-axis) and combined rank score 
(secondary y-axis) vs lipid species (x-axis). 
Lipid species with rank scores above the 
median absolute deviation are represented 
in red (b) Pie chart illustration of the 
distribution of all lipid species measured 
and the top 41 ranked lipids (highlighted in 
grey). Abbreviations a denotes ester-linked 
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 Most lipid classes did not show any ethnic associated significant 
differences. More than half of the significant lipids are represented by the 
plasmalogen GPLs, i.e. pPE and pPC species (Figure 4-3(b)). Very few ester 
GPLs, i.e aPE and aPC were significant. Notably, PS lipid species formed 
one-fifth of the significant lipids. In order to better see the significant 
differences across individual lipid classes, bar charts were drawn and shown 
in Supplementary Figure 6-1. Carbon chain length and degree of unsaturation 
was classified as total number of carbon atoms and double bonds across both 
FA chains respectively. 
 
 Gender dependent significant lipids were removed and the 
remaining lipids were analyzed as z-score values. Hierarchical clustering was 
done with these z-score values using Cluster 3.0 (Eisen et al., 1998) and 
visualized with Java TreeView (Saldanha, 2004), as previously described. 
Nine clusters were separated and analyzed to see the mean intensity across 
the three ethnicities in each cluster. The results of three main clusters are 



















































































Figure 4-4: Hierarchical clustering of lipid species after removal of lipids 
significant due to gender, showing heat map (top panel) and cluster line plots 
(bottom panel) for (a) Cluster 1 (b) Cluster 2 (c) Cluster 3. Heat map colours 
represent relative values, with green representing values below the mean, red 
representing values above the mean and black representing the mean of a 
row (lipid) across all columns (samples) as shown in the colour scale below. 
Each lipid is represented by a grey line and the mean of each cluster line plot 




 Most clusters comprised of lipid species from the same class, 
indicating that lipid species that were most biochemically similar tended to 
group together. While most of the clusters did not show any particular trend 
across the three ethnic groups, three clusters (Figure 4-4) showed a 
difference in abundance of lipids, particularly higher abundance in Chinese 
when compared to Indian and Malay populations. Specifically, we observed 
higher levels of PS and PG lipid species in Chinese population when 
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similar trend but only a few species, mainly pPE and pPC species. Lipid 
classes like PA and GluCer do not show any ethnic related differences 




4.2.3 Ethnic related trends in carbon chain lengths 
 
 In order to see any biological relevant difference across the 
ethnicities in terms of carbon chain length, each lipid class was analyzed 
according to chain length composition. In this study, we defined carbon chain 
composition (C) as the total carbon content found in FA chains attached at sn-
1 and sn-2 positions of GPLs. We classified lipids as Lyso (16, 18, 20, 22C), 
short carbon composition or SC (32,34C), moderate carbon composition or 
MC (36C) and long carbon composition or LC (38, 40, 42C). The classification 
is based on knowledge that most mammalian lipid species have FA with18C, 
thus anything above 36C (i.e. two 18C chains) are likely to be made up of a 
FA composition of 20C or more; hence LC (Quehenberger et al., 2010). 
Differences in carbon chain length for lipid species analyzed are reported 
separately depending on the gender, as previously described (t-test, two-
tailed, p<0.05). Data is represented as density plot plotted as density 
(frequency) against normalized intensity for each ethnic group, as previously 
described. Data is shown for PE and PS (Figure 4-5). Relative intensity for 









Figure 4-5: Ethnic related 
trends in carbon chain length 
represented as density plots, 
plotted as density (frequency 
in ethnicity) against 
normalized intensity for 
Malay, Indian and Chinese in 
the Singaporean population 
for GPLs (a) PE (b) PS. 
Shaded region indicates the 
95% confidence interval 
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Chinese population has significantly higher PS and PE when 
compared to Malay population (p<0.001) (Figure 4-5 and Supplementary 
Figure 6-3). It is interesting to note that the differences between the Malay 
and Chinese ethnicity are higher for MC and LC lipid species when looking at 
the 95% confidence intervals for most lipid classes. Furthermore, the 
distribution of lipid intensities is narrower for Malay population when 
compared to Indian and Chinese populations, especially for PS where 
Chinese and Indian populations exhibit two distinct peaks instead of one, 
indicating a wider range of variation. This two peak distribution is observed 
across all carbon chain lengths only for PS and not for PE species. Though 
LC lipid species show a high SEM which is due to difference in relative 
intensities among the 38, 40 and 42 chain lengths, the ethnic associated 
differences are still significant when analyzed based on their individual chain 
length (data not shown). For other GPLs, Chinese have more abundant MC 
and LC PC lipid species, similar to PE though the inter-ethnic differences are 
less pronounced. Indian and Malay populations had lower PA and PG species 
irrespective of carbon chain length; however we could not observe if this trend 
is there for LC lipids due to the absence of LC lipid species measured in this 
study. In the case of PI, no significant difference was observed between the 
three ethnic groups for LC lipid species. 
 
 SPs are characterized by their “sphingoid” base backbones, which 
are long-chain alkanes or alkenes (sometimes with additional unsaturation) of 
approximately 14–20 carbons in length, with an amino group at position 2 and 
hydroxyl-substituents at positions 1 and 3 (Merrill et al., 2005). In humans, the 
(a) 
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alkyl chain length of the sphingoid base is usually 18 carbons in length, with 
the exception of brain gangliosides, where substantial amounts of 20-carbon 
species appear in an age-dependent manner (Merrill et al., 2005). In this 
study, we exclusively measured SPs containing 18 carbons in their sphingoid 
base. We further investigated the attached FA composition of the ceramide 
backbone. SPs were classified as SC (16, 18 C), MC (20, 22 C) and LC (24 
C) species, based on their chain length in mammalian plasma (Quehenberger 
et al., 2010). Data for total SPs is shown in Figure 4-6. Remaining classes are 











Figure 4-6: Ethnic related trends in carbon chain length (attached FA) across 
Malay, Indian and Chinese in the Singaporean population for total SPs in 
terms of their individual chain length (bottom panel). Break in axis indicates 
normalized lipid intensity on right secondary y-axis. Error bars are plotted as 




 When looking at carbon chain length across all SPs, interestingly, 
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populations, especially for MC and LC containing SPs. However, when 
looking at individual SP classes, the trend of Chinese showing a higher 
abundance of SPs is more prominent for SM and GM3 than for GluCer. This 
is consistent with our findings for MC and LC GPLs species (PE, PS and PG) 
where only selected classes show a more distinctive increase in relative 
intensity for Chinese when compared to Indian and Malay populations.   
 
 
4.2.4 Ethnic related trends across degree of unsaturation 
 
 Ethnic associated changes were also analyzed across different 
degrees of unsaturation for all GPLs and SPs. Due to the diversity of lipids 
measured in this study, various degrees of unsaturation were present and 
lipids were analysed based on the number of double bonds present across 
both FA chains. Comparative analyses were done on lipid species classified 
as saturated (Sat, 0 double bond), monounsaturated (Mono, one double 
bond), diunsaturated (Di, two double bonds) and polyunsaturated (PUFA, 
three or more double bonds) lipid species. Student’s t-test (two-tailed, p<0.05) 
was done, and data is represented as density plot plotted as density 
(frequency) against normalized intensity for PE and PS, as previously 
described (Figure 4-7). Relative intensity for each GPL class is shown in 







Sat Mono Di Poly
(b) 
Normalized intensity
Sat Mono Di Poly
Figure 4-7: Ethnic related trends for degree of unsaturation represented as density plots, plotted as density 
(frequency in ethnicity) against normalized intensity for Malay, Indian and Chinese in the Singaporean population 
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 Chinese have a significantly higher intensity when compared to the 
Malay population, particularly for PUFA PE lipid species when looking at the 
95% confidence interval (p<0.001) (Figure 4-7). The SEM is high for PUFA 
lipid species in some lipid classes as the relative intensity between the various 
numbers of double bonds may be different, and are further represented based 
on their individual number of double bonds to see if any ethnic related 
differences exist (Supplementary Figure 6-5). The biggest difference between 
Malay and Chinese populations is seen for the five double bonds, whereas for 
PS, the trend is seen across all lipid species irrespective of the degree of 
unsaturation (Supplementary Figure 6-5). Furthermore, Malay population 
appears to have a narrower range of variation in lipid intensities when 
compared to Indian and Chinese populations, particularly for PS and this is 
also seen across different carbon chain lengths for PS (Figure 4-7). When 
looking at other GPLs, Chinese have more abundant PUFA PI lipids, 
particularly for 4 double bonds whereas all PUFA PC lipid species with three 
or more double bonds show a significantly higher intensity in Chinese as 
compared to Indian and Malay populations (Supplementary Figure 6-5). In the 
case of PG lipid species, Indian and Malay populations have less abundant 
PG species irrespective of the degree of unsaturation when compared to 
Chinese population (Supplementary Figure 6-5). This observation cannot be 
confirmed in PA due to the absence of PUFA PA lipid species measured in 
our list of lipids. 
 
 As previously described, the analysis for the degree of unsaturation 
was done separately for sphingoid backbone and the attached FA chain. 
(c) 
(a) 
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However, some classes like the GM3 and GluCer only have differences in the 
number of double bonds in either the sphingoid backbone or attached FA, 
thus the data is reported accordingly as shown in Supplementary Figure 6-6. 
 
 For SPs measured in this study, analysis was targeted to lipid 
species with either zero or one double bond in either the sphingoid backbone 
or the attached FA. It can be seen that for sphingoid backbone double bonds, 
gender differences exist like for GM3 where the trend of Chinese being higher 
than Malay and Indian populations in relative intensity is observed only for the 
females and not for males. Furthermore this is seen more clearly for saturated 
species in both the sphingoid backbone and attached FA chain, particularly 
for SM as SM constitutes the dominant lipid class measured among all SPs 
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4.2.5 Ethnic related trends across ester-linked and 
plasmalogen PE and PC lipid classes 
 
 In our study, PE and PC contain a mixture of a and p lipid species. 
pPE and pPC measured in this study consist of both ether-linked lipids and 
plasmalogens which contain a vinyl ether moiety at the sn-1 position of the 
glycerol backbone (Nagan et al., 1998), as shown in Figure 4-8. 
 
 
Figure 4-8: Typical structure of an (a) ester PE 18:0/18:0 (b) ether PE 
18:0/18:0 (c) plasmalogen PE 18:0/18:0 with a vinyl ether bond. The box 




 In order to see if any ethnic related differences exist between a and 
p PE and PC species, a class comparison was done to see if there were any 
differences that showed up across the 3 ethnicities. Student’s t-test (two-
tailed, p<0.05) was done and gender-dependent differences were analyzed 
and reported separately (t-test, two-tailed, p<0.05). Data is represented as 
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and PC (Figure 4-9) and relative intensity for each GPL class, as previously 




Figure 4-9: Ethnic related trends for a and p lipid species represented as 
density plots, plotted as density (frequency in ethnicity) against normalized 
intensity for Malay, Indian and Chinese in the Singaporean population for 
GPLs (a) PE (b) PC. Shaded region indicates the 95% confidence interval. 
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 Chinese have a significantly higher intensity when compared to the 
Indian and Malay populations when looking at the 95% confidence interval, 
particularly for pPE and pPC lipid species (p<0.001) (Figure 4-9). When 
looking at the population distribution of plasmalogen lipids, Chinese and 
Indian populations have a broader range of variation in lipid intensities when 
compared to Malay population, particularly for pPE. However, population 
distribution for a lipid species were similar across all three ethnic groups. 
Ethnic related differences between a and p lipid species were more distinct in 
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4.2.6  Statistical validation of ethnic related trends in 
carbon chain length, degree of unsaturation and 
plasmalogen/ester species using regression and permutation 
analyses 
 
 To confirm the descriptive findings, linear regression was 
performed to test any association of age and gender using type II ANOVA 
(two-tailed, p<0.05) as previously described. Four hypotheses were tested: 
 
1. Age, after accounting for gender and ethnic groups, ignoring 
gender:ethnicity interaction. 
2. Gender, after accounting for age and ethnicity, ignoring gender:ethnicity 
interaction.  
3. Ethnicity, after accounting for age and gender, ignoring gender:ethnicity 
interaction.  
4. Gender-ethnicity interaction, after accounting for age, gender, ethnicity. 
 
 As most of the p-values obtained are not significant, data for 
ethnicity (hypothesis 3) only is reported (Supplementary Table 6-2). This is 
consistent with our findings using student’s t-test (two-tailed, p<0.05). 
 
 In order to validate the observed significant trends across long 
chain PUFA containing lipid species (PS and PE) as well as p lipid species 
(PE and PC), permutation test was performed. The main aim of this test was 
(a) 
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to ensure differences across the Chinese when compared to Malay and Indian 
were indeed significant or confounded by other factors such as gender and 
age. Permutation analysis was performed using R (Team, 2008) as previously 
described. The following considerations were taken into account while 
performing the permutation tests:  
 
1. Age, gender and ethnicity was permuted as a whole and the the ratio is 
maintained to be the same as the original sample set. 
2. Permutation was performed 1000 times. The number of permutations 
analyses  was limited as 1000 runs took~1000 seconds to finish running, thus 
larger number of analyses was not performed. 
3. Even if no p-value from permutation was smaller than the true one 
(obtained from Type II ANOVA), p-values were adjusted to 1, giving a 
minimum value of 0.001. 
 
 A lower permutation p-value would indicate a higher likelihood that 
the observed significant difference was true and less likely due to random 
chance. An arbitrary cutoff above 0.005 (i.e. 5 out of 1000 permutations) was 
used as significant due to random chance. The data for PS, PE, PG and a 
and p PE/PC lipid species are reported in Supplementary Table 6-2.
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 It can be seen that most of the lipid classes with ethnic associated 
significant differences observed from earlier analyses using student’s t-test 
was confirmed by linear regression, and was validated by permutation 
analysis with good p-value (p<0.005), with the exception of Lyso PE. PS 
showed a statistically significant increase in intensity in Chinese when 
compared to Malay and Indian populations across all carbon chain lengths 
and degree of unsaturation. However, type II ANOVA showed an increase in 
significant difference between ethnicities when progressing from SC to LC PE 
lipid species. A similar observation was also made for PE at higher degree of 
unsaturation, i.e. PUFA containing PE lipid species when compared to Sat 
ones. Lastly, a significant ethnic related difference was observed in pPE and 
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4.2.7  Ethnic-related trends across sterols and lipoproteins 
  
Seven different STs were measured in this study using LC-MS (Supplemetary 
Figure 6-1). Clinical measurements of Chol, HDL and LDL were obtained as 
previously described (Lee Kian Ng, National University Hospital). The results 










Figure 4-10: Clinical measurements of Chol, HDL and LDL obtained by 
colorimetry method. *** is p<0.001 when compared to Chinese population. 
From: Lee Kian Ng (National University Hospital). 
 
 
 No significant inter-ethnic differences were observed for all STs 
cpecies measured. These findings, particularly for Chol was similar to 
clinically obtained measurements of Chol, indicating that all three ethnic 
groups had similar measurements of Chol. However, clinical measurements of 
HDL and LDL showed significant inter-ethnic differences. Indian population 
exhibited the lowest plasma HDL concentrations when compared to Malay 





Cholesterol 5.89 5.54 5.66
HDL 1.34*** 1.18*** 1.48
LDL 3.93*** 3.90*** 3.50
HDL/LDL ratio 0.36*** 0.32*** 0.45
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concentrations. When looking at HDL/LDL ratio, Chinese had the highest ratio 
when compared to the other two ethnic groups. All these differences are 
statistically significant when compared to the Chinese population. 
 
 Previous studies have been done on the correlation of lipoprotein 
fractions and plasmalogen species. In our study, due to the significantly 
higher abundance of p lipid species and HDL levels in Chinese population 
when compared to the other two ethnic groups, correlation analysis were 
done between p lipid species (pPE and pPC) and HDL/ LDL levels. The 
results of these correlation analyses are shown in Figure 4-11 and 







































Figure 4-11: Pearson correlation between p lipid species (pPE and pPC) and 
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 Most pPE and pPC species are positively correlated with HDL and 
LDL. When looking at HDL/LDL correlation with p lipid species within each 
individual ethnic group, Chinese population have a higher positive correlation 
with HDL compared to Indian and Malay populations (Supplementary Figure 
6-9). However, all three ethnic groups exhibit similar correlation between p 
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 4.2.8 Discussion 
4.2.8.1  Shotgun lipidomics 
 
 Shotgun lipidomics based on intrasource separation only 
represents one approach for global lipidome analysis with over 90% of lipid 
mass been accounted for and quantitated by this approach directly from the 
lipid extracts of biological samples (Han and Gross, 2005), Today, shotgun 
lipidomics provides a strong foundation for the analysis of thousands of 
molecular species after data are judiciously analyzed by bioinformatic 
processes (Han and Gross, 2005). 
 
 Shotgun lipidomics has been used extensively for the analysis of 
lipids, where distinct fragmentation patterns of different lipid species allow for 
reliable detection of these lipids (mostly abundant lipids) without prior 
chromatographic separation, with the use of appropriate internal standards for 
quantification (Han, 2010). The fragmentation patterns of each lipid molecular 
species depend on both the applied energy for collision-induced dissociation 
and the structure of individual molecular species (Han and Gross, 2005; 
Sullards, 2000). Changes in applied collision energy alter the kinetics of 
individual fragmentation pathways resulting in changes in the distribution of 
the observed fragment ions (Han and Gross, 2005). In our study, optimization 
of MS parameters was done for each lipid class based on an existing method 
to ensure reliable detection of different lipid species in the human plasma 
biological matrix. Ratiometric comparisons to internal standards are useful 
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because the relative fragmentation rates of identical molecular species reflect 
the intrinsic chemical properties of the species in the gas phase (Han and 
Gross, 2005)  
 
 It is important to note that thousands of very low abundance lipid 
molecular species are not approachable by shotgun analysis and pre-
processing methods are required to enrich low abundance lipid molecular 
species, prior to integration with shotgun analysis (Han and Gross, 2005). In 
this study, no pre-processing was done to enrich low abundant GPLs and 
SPs, as such species like Cer and GM3 were excluded from biological 
variation analysis. 
 
 Systematic studies of instrument responses using structurally 
distinct lipid species have demonstrated that ionization efficiency is 
predominantly dependent on the lipid polar head group and only weakly 
dependent on the structure of fatty acid moieties (Han and Gross, 1994, 
2005). Previous studies have shown that quantitative shotgun lipidomics 
approach demonstrated no significant differences in the instrument response 
of molecular lipids differing in acyl chain lengths and number of double bonds 
supporting the concept that a single lipid class selective non-endogenous 
standard would be sufficient for the absolute quantification of the endogenous 
molecular lipid species (Jung et al., 2011). However, it is noteworthy that 
precise quantification of molecular species by shotgun lipidomics can be 
potentially hindered by interferences arising from isotopes, isobars and 
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isomers (Jung et al., 2011), in this study no isomers were analyzed as 
targeted MRM approach was used for analysis. 
 
 While previous work have demonstrated that shotgun lipidomics 
yields comparable and even better data than LC-MS, especially in the case of 
TAG analysis due to more stable background/chemical-noise throughout the 
analysis and shorter analysis time, caution has to be employed for proper 
optimization of various MS parameters to ensure reliable detection of lipid 
species (Jung et al., 2011). Furthermore, shotgun lipidomics has been 
successfully applied as a measurement of choice across various conditions 
like hypertension and Alzheimer’s disease (Graessler et al., 2009; Han, 2010). 
As such, this study employs ESI-MS shotgun approach whereby shotgun 
lipidomics still represents an attractive and promising avenue for fast and 
reliable analysis of lipids.   
4.2.8.2  QC normalization helps to remove batch effects 
 
 It can be seen that QC batch normalization works more effectively 
for some lipid classes than the others (Figure 4-2). This could be due to 
inherent properties of lipid species like ionization (Quehenberger et al., 2010). 
Furthermore, normalization works better for lipids detected in the negative ion 
mode when compared to the positive ion mode. This could be explained by 
the large variable range of intensity for some lipid classes in the positive ion 
mode (Liebisch et al., 2004; Quehenberger et al., 2010) such that the 
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normalization works best for only a subset of lipid species in this range, 
especially in the case of PC, where both very high and low intensity lipids are 
detected. 
 
4.2.8.3  Cholesterol as a good biomarker of measurement during 
fasting state 
 
 Targeted lipidomics analysis of GPLs, SPs and STLs showed that 
ethnic associated significant lipids were mainly detected from GPLs and some 
SPs (Figure 4-3). However, no major significant lipids were detected for STLs. 
Abundant lipids like Chol and CholE were found to be similar across all three 
ethnicities (Supplementary Figure 6-1). This indicates that Chol and CholE are 
good biomarkers to be measured as clinical parameters across fasting 
individuals as they do not exhibit any significant change across gender, age 
and ethnicity. This finding is in line with a recent study by Shui et al. which 
reports that there is no significant differences in Chol levels measured across 
healthy monkeys in fed and fasting state (Shui et al., 2011b). Another recent 
study also reported that there exists no significant biological variations of Chol 
when looking at diurnal changes and menstrual cycle variation in healthy 
individuals (Burkard et al., 2007). This reinforces the common current practice 
of using Chol as a diagnostic form of measurement in clinics. Furthermore, in 
our study, no significant change across ethnicity was detected for 24-OHChol 
and is consistent with previous literature where biological variations based on 
absolute quantifications of 24-OHChol in plasma were observed to be similar 
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to intra-day technical variation of the analytical method used (Burkard et al., 
2007). 
 
4.2.8.4  Ethnic associated biological variation in plasma 
 
 Lipids found in plasma are mainly made up of free FA and lipids 
found in lipoproteins (Dashti et al., 2011). The main GPL and SP constituents 
in plasma are PC (57–81%) followed by SM (12–26%). Lyso-PC and other 
GPLs (PE, PS, and Pl) constitute 5–15% with respect to GPLs and SPs 
(Quehenberger et al., 2010; Skipski, 1972). The lipid levels do not change 
much across the different classes of lipoproteins during fasting state 
(E.Vance, 2008). Thus the GPLs and SPs changes that we observe across 
ethnicity are likely to be metabolically important since all samples were taken 
under fasting state (Figure 4-3). 
 
 The significant lipid species associated with ethnicity are mainly 
PS, pPE and pPC lipids. PS and aPE/PC are known to be metabolically linked 
whereas pPE and pPC are linked by headgroup exchange (Vance and 
Tasseva, 2013). pPE and pPC are biosynthetically different from their a 
species counterparts as they are synthesized from long chain alcohols. Serine 
is required for the synthesis of PS as it is the headgroup for PS species 
(Kanehisa and Goto, 2000). It is well known that PS, PE and PC are 
metabolically linked due to the similarity of their headgroups, whereby 
decarboxylation of PS can lead to PE, and headgroup exchange of 
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ethanolamine to choline leads to conversion of PE to PC (Kanehisa and Goto, 
2000). This has been reported experimentally whereby serine can be a 
precursor of headgroups of both PS and PE, including pPE and aPE in 
cultured glioma cells due to decarboxylation and headgroup exchange (Xu et 
al., 1991). Interestingly,  previous reports have shown that the incorporation of 
serine into both pPE and aPE pools and this incorporation is rapid and 
sustained when compared to using ethanolamine, indicating that serine may 
be utilized as a preferential pathway for synthesis of pPE species (Cook et al., 
1991; Xu et al., 1994; Xu et al., 1991). This could be due to incorporation of 
serine into the SP pathway which then results in generation of alcohols such 
as hexadecanal which is subsequently utilized for pPE synthesis pPE can 
then be converted to pPC by headgroup exchange, similar to their a species 
counterparts (Nakahara et al., 2012). Furthermore, it has been reported that 
pPE species are the most abundant mammalian PE and are contained in 
cellular membranes of many mammalian cells, including neutrophils, 
erythrocytes, and those of nervous system, heart, vascular smooth muscle 
and tumors (Nagan and Zoeller, 2001; Synder, 1972). The wide distribution 
and higher abundance of p lipid species in certain cells and tissues may 
indicate the requirement for higher precursor pools needed to maintain high 
levels of p lipid species in these cells and tissues. As such, serine may be 
utilized as a preferential source of p lipid synthesis, as reported by Xu (1991, 
1994). This metabolic relationship could explain why higher levels of both PS 
and pPE/pPC are observed in Chinese population when compared to the 
other two ethnicities.  
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 PS is a minor membrane GPL that is produced by eukaryotic cells 
and is present in moderately low levels in the human plasma (Quehenberger 
et al., 2010; Vance and Steenbergen, 2005). The exposure of PS on the outer 
surface of cells is widely believed to play a key role in the removal of apoptotic 
cells and in initiation of the blood clotting cascade (Vance and Steenbergen, 
2005). Recent studies have shown that PS exposure on red blood cells is 
elevated in patients with metabolic syndrome (Straface et al., 2011). The 
reason for elevated PS levels in Chinese population across all degrees of 
unsaturation and carbon chain length is unknown. We hypothesize that higher 
levels of PS are due to higher levels of serine which are required to maintain 
higher levels of p lipid biosynthesis in Chinese due to precursor-product 
relationship between serine and pPE species (Xu et al., 1991). However, high 
levels of p lipid species in plasma could also be due to dietary influences, if 
this is the case, then this relationship may not hold true.  
 
 In our study, PS, PE and PC species contributing to significant 
inter-ethnic differences were detected in the plasma with COV less than 20% 
(Figures 3-4 to 3-6). Previous studies have reported the reliable detection of 
these lipids in human plasma (Quehenberger et al., 2010; Sato et al., 2010) 
and the requirement for analytical validation to be within 25%, which is well 
within the range of COVs measured for PS and pPE and pPC species found 
to be significantly different across ethnicities in this study (Chau et al., 2008) 
However, a recent study reports the absence of PS in lipoprotein fraction, 
while PE were mainly detected in the VLDL fraction (Dashti et al., 2011). This 
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could be due to the low amounts of PS in plasma under normal conditions 
which is below the detection limit in their study (Dashti et al., 2011). 
 
4.2.8.4.1 Long chain PUFA containing lipids show inter-ethnic 
differences 
 
 Longer carbon chain lipids with a higher degree of unsaturation 
were observed to be significantly higher in the Chinese population when 
compared to Malay and Indian populations, particularly for PE and PS species 
(Figures 4-5 to 4-7). This effect was more distinct in PUFA containing lipids 
having 36 carbon atoms and above. LC PUFA lipids are synthesized in the 
human body by a series of steps involving desaturases like fatty acid 
desaturase (FADS) and stearoyl coA desaturase (Scd), and elongases 
(Elovl). The activities of these enzymes have been shown to be affected by 
genetic variation such as SNPs (Glaser et al., 2010; Lattka et al., 2010; 
Merino et al., 2010; Schaeffer et al., 2006). Furthermore, SNPs in 
desaturases have been associated with homeostatic regulation of blood levels 
of LC PUFA lipids, indicating a direct relationship between genetic variation 
and variations in lipid levels (Gieger et al., 2008; Schaeffer et al., 2006; 
Tanaka et al., 2009).  
 
 In our study, we observed Chinese having more abundant LC 
PUFA lipid species when compared to Indian and Malay populations. Genetic 
differences in the FADS genes (FADS1 and FADS2) could contribute to the 
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differences in the level of LC-PUFAs observed across the three ethnic groups. 
Previous reports have shown that FADS cluster represents one of the most 
variable genes and present a high degree of genetic variation (Gieger et al., 
2008; Tanaka et al., 2009). Differences in allele frequencies of different SNPs 
between the three ethnic groups that affect the activities of FADS genes could 
explain differences in activities of these enzymes, leading to different 
homeostatic regulation of blood LC PUFAs.  
 
 Some of these LC PUFAs are then incorporated into diacyl lipid 
species, such as those measured in this study. As such, an increase in lipid 
species such as PE and PS containing these LC PUFAs could be a reflection 
of a general increase in plasma LC PUFAs due to an increase in FADS 
activity, in the case of the Chinese when compared to the Indian and Malay 
populations, Furthermore, plasma PUFA has been reported to be influenced 
by diet (Tanaka et al., 2009), Measurement of dietary PUFA intake could be a 
useful indicator of identifying whether lifestyle factors such as diet could 
further contribute to inter-ethnic differences observed in this study, in addition 
to genetic variation of FADS genes. (Toufektsian et al., 2011).  
 
4.2.8.4.2  Plasmalogen lipids are more abundant in the Chinese 
population 
 
 In our study, pPE and pPC are found to be significantly higher in 
Chinese (Figure 4-10). Plasmalogens (1-O-alk-1’-enyl-2-acyl 
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glycerophospholipids) belong to a subclass of ether PLs and are 
characterized by the presence of a cis double bond on the alkyl chain 
adjacent to the ether linkage at the sn-1 position giving rise to the 
characteristic vinyl-ether bond (Brites et al., 2004; Nagan and Zoeller, 2001). 
Plasmalogen synthesis is initiated in the peroxisomes, and subsequently 
completed in the endoplasmic reticulum (Brites et al., 2004). Plasmalogens 
have a very well characterized and defined structure in which the sn-1 
position is usually occupied by a 16:0 (palmitic acid), 18:0 (stearic acid) or 
18:1 (oleic acid) carbon chain, the sn-2 position is occupied by a 
polyunsaturated fatty acid (PUFA) and the sn-3 is occupied by one of the two 
polar head groups: ethanolamine or choline which give rise to pPE 
(plasmenylethanolamine) and pPC (plasmenylcholine) species respectively 
(Brites et al., 2004). These two types of plasmalogens exist in human tissues 
in different proportions where pPE is in general more abundant than pPC in 
most tissues with exception of the heart muscle where pPC dominates in 
abundance (Panganamala et al., 1971). In mammals, the heart, nervous 
tissues and inflammatory cells contain the highest concentrations of p lipid 
species (Diagne et al., 1984).  
   
 The abundance of p lipid species varies greatly among various 
tissues in humans (Nagan and Zoeller, 2001). Liver contains very little p 
species, but studies have shown that human serum contain significant levels 
of pPE (Brautigam et al., 1996; Nagan and Zoeller, 2001). . It has been shown 
that although there was little p lipid species in the liver, hepatocytes actively 
secrete nascent lipoproteins which contain up to 30% of pPE among total PE 
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(Vance, 1990). Furthermore, lipoproteins, contain a significant amount of pPE 
and pPC species (Wiesner et al., 2009).This could mean that liver cells target 
pPE for export with lipoproteins (Nagan and Zoeller, 2001), though the source 
of these lipid species for export could come from both endogenous 
biosynthesis as well as exogenously from the diet.  
 
 The physiological functions of p lipid species is yet to be clearly 
understood (Vance and Tasseva, 2013). Several roles have been proposed. 
Firstly, previous reports have shown that p species could serve to limit 
oxidative damage to cells by serving as antioxidants (Reiss et al., 1997; 
Zoeller et al., 1988) due to the higher susceptibility of the vinyl ether bond to 
oxidative attack compared to their 1-acyl analogues (Brosche and Platt, 1998; 
Mangold and Weber, 1987). Secondly, due to their vinyl ether bond, p lipid 
species have different physical properties and plays a role in membrane 
dynamics (Brites et al., 2004). p lipid species have been shown to play 
important roles in membrane fusion (Lohner, 1996) and are abundant in 
membrane systems that undergo rapid vesicular fusion events, though direct 
evidence for this is still lacking (Nagan and Zoeller, 2001). Thirdly, the high 
level of PUFA in p lipid species in the sn-2 position when compared to their 
diacyl counterparts has prompted the suggestion that they can act as storage 
depots to maintain high levels of PUFA (docosahexaenoic acid (DHA) and 
arachidonic acid (AA)) in some tissues (Gaposchkin and Zoeller, 1999; Nagan 
and Zoeller, 2001). This is consistent with our study where we observed a 
higher abundance of PUFA containing lipid species in Chinese for PE and PC 
when compared to the other two ethnic groups. 
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 p lipid species have also been implicated in various pathological 
conditions, including Zellweger syndrome, Alzheimer’s disease, retinitis 
pigmentosa and Down syndrome (Brites et al., 2004; Igarashi et al., 2011). 
Most of these conditions reflect a decrease in p lipid levels indicating the 
importance in maintaining normal levels for healthy physiological functions. 
Conditions like Alzheimer’s have already been reported to have ethnic 
dependent differences in frequency across blacks and whites (de la Monte et 
al., 1989). It is possible to speculate that ethnic associated differences 
observed across the Singapore population may infer differences in underlying 
susceptibility to p lipid species associated pathological conditions due to 
significant variations in these lipid levels across the three ethnic groups, 
though much more biochemical studies on affected populations similar in 
composition to the Singaporean population need to be done before any valid 
and conclusive statements can be made.  
 
 Statistical validation of the observed significant differences across 
ethnicity was confirmed by permutation test. A permutation test can be 
performed in order to test whether differences found between comparison 
groups are significant (Bijlsma et al., 2006; Carina M. Rubingh, 2006). In the 
permutation test, lipid classification (carbon chain length, unsaturation, a/p 
species) were permuted 1000 times. A good permutation test result (p< 0.005) 
was obtained for LC PUFA containing lipid species of PS and PE, consistent 
with the type II ANOVA and t-test of significance results. Similarly, significant 
differences between Chinese when compared to Malay and Indian were also 
observed for pPE and pPC species, indicating that these trends could be 
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biologically relevant. While the reason for these interethnic differences in p 
lipid levels remains unknown, more biochemical based studies in similar 
populations need to be done to confirm these findings. 
 
 
4.2.8.4.3 HDL/LDL correlate with p lipid species 
 
 Significant variations in HDL and LDL levels are observed across 
Indian and Malay population when compared to Chinese population despite 
similar levels of cholesterol across all three ethnicities. HDL/LDL ratio is 
commonly used as a biomarker for cardiovascular disease risk in clinical 
settings (Fernandez and Webb, 2008; NCEP, 2001). In this study, Indian 
population had the lowest HDL and highest LDL, giving rise to the lowest 
HDL/LDL ratio when compared to Malay and Chinese populations. Previous 
reports have showed that Indian have a high susceptibility towards 
cardovascular risk (Enas et al., 1992; McKeigue et al., 1989). Furthermore, 
previous studies done on the Singaporean population show that Indians 
confer a higher susceptibilty to cardiovascular pathologies when compared to 
Malay and Chinese populations, particularly Indians have a lower HDL than 
the other two ethnic groups which is comparable to data obtained in our study 
(Hughes, 1989; Hughes et al., 1997; Hughes et al., 1990a; Hughes et al., 
1990b). Ethnic differences in cardiovascular risk has been reported before 
indicating Indians as a higher risk group for cardiovascular pathologies 
(Chaturvedi, 2003). This could mean that despite participants being healthy at 
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this point in the study, ethnic differences may exist due to their lipoprotein 
levels which may lead to differences in susceptibility to cardiovascular events, 
such that Indian population may be at a higher risk of getting cardiovascular 
events in future compared to the other two ethnic groups. 
 
  Previous studies on Chol measurements as well as disease risk 
associated with aberrant Chol levels have been focused mainly on Caucasian 
populations (Clausen et al., 1996; Nelson et al., 2002; Santosa et al., 2007; 
Varbo et al., 2011; Zhang et al., 2003) and there is a lack of published studies 
in Asian populations (APCSC, 2005; Lyratzopoulos et al., 2005; Shiwaku et 
al., 2005).   As such, it is not surprising that most research on Chol associated 
therapies like development of statin drugs have also been focused on non-
Asian populations (Baigent et al., 2005). The need to address population 
based studies in Asian populations is important due to reported differences in 
Chol levels and response to drugs that have been developed mainly in non 
Asian populations. In this study, lipid measurements were done in a healthy 
multi-ethnic Singaporean population which is representative of the three major 
ethnicities in Southeast Asia. We report similar Chol levels were observed 
across all three ethnic groups and this is in agreement to previous reports 
where no significant inter-ethnic differences were observed in serum 
cholesterol levels in the Singaporean population (Hughes et al., 1990b). 
Despite similar Chol levels, significant inter-ethnic variations were observed in 
HDL and LDL levels, which contribute to total Chol measurements and are 
well-known factors involved in affecting the risk and susceptibility to disease 
such as cardiovascular disease.  




 In our study, Chinese population had a higher abundance of p lipid 
species, higher HDL and lower LDL compared to Indian and Malay 
populations, Recent studies have been done correlating the p lipid species 
levels to lipoprotein concentrations (Brautigam et al., 1996; Maeba et al., 
2007). One of the proposed roles of p lipid species is as an endogenous 
antioxidant due to the susceptibility of the vinyl ether bond to oxidative 
damage by peroxy radicals, UV and others (Engelmann, 2004; Maeba and 
Ueta, 2003; Nagan and Zoeller, 2001; Wallner and Schmitz, 2011). Liver has 
one of the lowest concentrations of p lipid species, but it has been shown that 
the liver selectively incorporates p lipid species into lipoproteins (Vance, 
1990). This could be due to the ability of p lipid species to protect lipoproteins 
against oxidative damage. There is strong evidence that p lipid species are 
preferentially oxidized in conditions of oxidative stress, such as cardiovascular 
pathologies (Brosche and Platt, 1998; Engelmann et al., 1994; Maeba et al., 
2007). Studies have shown that p lipid species act as endogenous 
antioxidants comparable to or even better than α-tocopherol (Vitamin E, lipidic 
antioxidant) as they slow down and impede the development of 
cardiovascular events like atherogenesis (Brautigam et al., 1996).  
 
 pPE has been reported to reduce susceptibility of cholesterol in 
membranes to oxidation by free radicals (Maeba and Ueta, 2003). 
Furthermore, the increase in p lipid species oxidation products such as 2-
hydroxyaldehydes in LDL particles during conditions of oxidative stress 
indicate the higher susceptibility of LDL particles to oxidation and implications 
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in protection against cardiovascular disease outcomes (Regnstrom et al., 
1992). While p lipid species in HDL have a lower susceptibility to oxidation as 
compared to LDL, they still play an important role especially in HDL mediated 
cellular Chol efflux where deficiency in p lipid levels can affect Chol efflux to 
HDL particles (Mandel et al., 1998; Munn et al., 2003). Correlation analyses 
between p lipid species and HDL/LDL in our study have shown that p lipid 
species is positively correlated with HDL and LDL with correlation coefficients 
that are similar to previously published literature (Jira and Spiteller, 1996; 
Maeba et al., 2007). As p lipid species have been shown to confer protection 
and increase oxidative resistance against oxidative stress, the inter-ethnic 
differences observed in this study in the healthy Singaporean population may 
be a useful indicator of future risk and susceptibility to metabolic disease 
caused by oxidative stress (Brosche and Platt, 1998; Jira and Spiteller, 1996).  
 
4.2.8.5  Drawbacks of this study 
 
 While ESI-MS is a very promising tool for the analysis of PL, it is 
hampered by the fact that not all molecular species are detected with equal 
efficiency (Koivusalo et al., 2001). A previous study showed two major 
findings: first, the instrument response for both saturated and unsaturated PL 
species decreased prominently in long chain species with high lipid 
concentrations. Second, the degree of acyl chain unsaturation had a 
significant effect on instrument response and was concentration dependent 
(Koivusalo et al., 2001). It could be that the unsaturated species are more 
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surface active and thus become more efficiently ionized (Koivusalo et al., 
2001). Additionally, the double bonds present in lipid species could weaken 
the intermolecular interactions in the droplet surface layer, enhancing the 
evaporation of the molecule to gas phase (Koivusalo et al., 2001). However, if 
this is the case, then all samples irrespective of ethnicity should exhibit a 
similar ionization pattern. All samples were randomized prior to MS analysis, 
thus, the trend of Chinese having higher amounts of PUFA long chain lipid 
species when compared to Malay and Indian is biologically relevant instead of 
being an artifact due to the analytical platform used. 
 
 It is known that PL can cause ion suppression or enhancement, 
adversely influencing the mass accuracy of the co-eluting species (particularly 
in positive ion mode). Crude lipid extract used in this study without solid phase 
extraction or LC-pre separation could increase matrix effects and reduce the 
sensitivity of the ions detected. Different biological samples contain different 
matrices, and this can lead to variability of ion suppression across different 
samples. This remains an issue for sample analysis, and several measures 
can be taken to account for this effect. For example, uniformized sample pre-
processing and addition of multiple lipid standards per lipid class and 
subsequent normalization to these standards may reduce this variability as it 
works under assumption that lipid standards will ionize in different biological 
matrices similar to members of the same lipid class. Thus, normalization of 
lipid species to these lipid standards would help to reduce some differences in 
ion suppression across different biological matrices. However, only one lipid 
standard per lipid class was used in this study as it is currently not possible to 
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include internal standards representative of every lipid molecular entity 
(Stahlman et al., 2009). Furthermore, there is still a limited availability of 
standards for lipid analysis. In shotgun lipidomics approach, the absence of 
chromatographic separation result in all lipid species being subjected to the 
same matrix effect as they are analyzed simultaneously, whereas after 
chromatographic separation, matrix effect varies based on the different elution 
times. Though higher overall matrix effect may exist for shotgun approach, 
this effect is consistent for all samples analyzed (Jung et al., 2011). 
  
  Co-eluting species may interact with other LMW metabolites (Urpi-
Sarda et al., 2009), often representing noisy variables (Tulipani et al., 2013). 
Thus, major lipid species like PC may prejudice LMW metabolite coverage 
and reproducibility, particularly for polar compounds, thus masking biological 
variation (Tulipani et al., 2013). It is possible that observations made in this 
study involving low abundant lipid species like GluCer and PA may not hold 
true, simply due to matrix effects from major lipid species. This can affect the 
detection of several lipid species whose intensities measured do not reflect 
their biological levels. For e.g. TAG, due to their high abundance in the human 
plasma, may act as a matrix for GPLs measured affecting the signals from 
less abundant classes like PS. However, the high significance observed could 
indeed be a true difference between the ethnicities but more studies are 
required to confirm these findings. 
 
 Quantification in lipidomics is usually achieved by comparison with 
internal standards which should ideally have similar chemical and physical 
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properties to the lipids to which they are being compared in order to minimize 
any difference in detection between the two, such as the use of stable-isotope 
labelled lipids or non-physiological lipids belonging to the same class (Peter 
Meikle, 2009). Usage of multiple lipid standards per lipid class is important as 
members of the same lipid class may have variations in their ionization 
pattern. In practice, one or two internal standards are used for a particular 
class of lipids (Peter Meikle, 2009). Due to limitations in this study, only one 
lipid standard was used for normalization of each class, which may not be 
optimal for all lipid species in that class. 
 
4.2.8.6  Previous reports on ethnic associated lipid variation 
 
 Lipid levels have been demonstrated to vary between ethnic 
groups (Ford ES, 2002). Africans and East Asians have higher levels of HDL 
and lower levels of triglyceride compared to Europeans (Park et al., 2003). 
PUFA have been reported to be higher in Americans when compared to 
Italian and Finnish individuals (Dougherty et al., 1987). Not many studies have 
been done in ethnically diverse Asian populations. This study revealed 
interesting differences between the Chinese and other two ethnicities. 
However, in this study, FA analysis was not performed and thus ethnic 
associated changes observed in LC PUFA containing lipid species need to be 
interpreted with caution. Though many aspects could contribute to intra and 
inter-ethnic variability such as genetics and lifestyle (Winnike et al., 2009), the 
underlying mechanisms of these ethnic differences remain unknown (Elbers 
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et al., 2012). While evolutionary variations could explain some of our 
observations, more studies (including genotyping, transcriptomic profiling, 
GC-MS for FA profiling) need to be done to understand these variations at a 
genetic and biochemical level.  
 
4.2.8.7  Impact of quantifying biological variation in an ethnically 
diverse population 
 
 Altered concentrations of circulating PL have been implicated in the 
pathology of type 2 diabetes, dyslipidemia and cardiovascular disease (Hodge 
et al., 2007a; Malerba et al., 2008; Wang et al., 2003), as well as a wide range 
of other common diseases including dementia and depression (Farooqui et 
al., 2000). Ethnic associated differences in metabolic diseases have been 
reported. A recent study done in the Malaysian population showed that 
Chinese had a lower prevalence of metabolic syndrome when compared to 
Indians and Malay (Rampal et al., 2012). In Singapore, previous reports have 
shown that Malay population has an increased risk of premenopausal breast 
cancer when compared to Indian and Chinese populations (Verkooijen et al., 
2009). Furthermore, Chinese female population with diabetes was at higher 
risk of acquiring dengue hemorrhagic fever (serotype 2) when compared to 
the other two ethnicities (Pang et al., 2012). Understanding ethnic associated 
differences under various pathological conditions is important as it would aid 
in disease classification, identification and subsequent clinical interventions or 
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choice of therapy especially in an ethnically diverse population like in 
Singapore (Nicholson et al., 2012).  
 
 This study provides a descriptive analysis of the inter-ethnic 
differences associated with the natural biological variation across the healthy 
Singaporean population. The application of quantifying the degree of natural 
biological variation in healthy individuals is important. Firstly, understanding 
the natural variation will help to define boundaries for physiologically normal 
versus diseased individuals. Secondly, understanding differences in these 
variations across ethnicity will provide a useful tool in future diagnosis and 
treatment of pathological conditions. These findings will enable us to design 
and advance future functional studies to test certain hypothesis derived from 
this data, for example the association between high HDL levels in Chinese 
and efflux capacity of Chol. But to do this, we need to understand how diverse 
the HDL lipidome is among normal healthy individuals. Eventually, identifying 
the natural range of biological variation of various lipid species will be an 
important step towards understanding metabolic pathways contributing to 













CONCLUSIONS AND FUTURE 
PERSPECTIVES 
 
5.1  Final Conclusions 
 This is the first comprehensive lipidomic profiling study done across 
a healthy Singaporean population. From this study, it can be concluded that 
study design methodology is essential in obtaining good quality samples for 
analysis. Technical variation is an important component of large population 
based studies where large sample numbers require standardized processing 
methods and reliable instrumentation. Technical variation due to analytical 
platforms like MS should be carefully considered in order to obtain data of 
good quality. After determining the technical capabilities of the MS used, 
biological variation can be considered.  
 
 Here, we report that two lipid classes, PE and PC show a wide 
range of technical variation which could be due to a large dynamic range and 
different abundance in human plasma. Batch effect correction is an important 
step in normalizing data in large studies where multiple batches need to be 
analyzed and sample processing and instrumentation are bound to give rise 
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to variations. After this has been taken into account, ethnic associated 
differences were observed across LC PUFA containing PE and PS lipid 
species where Chinese have a higher intensity when compared to Malay and 
Indians. Furthermore, Chinese have a significantly higher intensity of pPE and 
pPC lipid species when compared to the other two ethnicities. Why these 
differences are present is not known but we hypothesize that lifestyle factors 
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5.2  Future Studies 
 Future studies include the need to replicate these findings in an 
independent validation study. Technical variation has to be established in a 
similar manner before considering biological differences. Lifestyle information 
obtained from this study should be analyzed to understand if they contribute 
significantly to the observed ethnic differences. Longitudinal studies looking at 
time-related differences in lipid profiles within an individual will help to define 
natural variation more precisely and ultimately lead to an understanding of 
metabolic space within a healthy ethnic group. FA profiling using GC-MS 
would be a useful way to determine FA composition to verify significant 
differences in PUFA content among different ethnic groups.  
 
 Cross platform analyses between genomics and lipidomics data 
obtained from these samples will help us to understand if genomic differences 
from lipid related genes contribute to the observed lipid variations across the 
three ethnicities (Wong et al., 2012). Furthermore, differences between ethnic 
groups could also be investigated at the level of epigenetic control. Availability 
and subcellular compartmentalization of lipids could contribute to the 
specificity of epigenetic control which conveys genome flexibility (Sassone-
Corsi, 2013). Studies looking at histone modifications and microRNA 
pathways may provide useful information between ethnic associated 
regulatory differences. 
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 Lipids are interlinked metabolically in many ways. While we are still 
beginning to unravel the complexities of these relationships and pathways, a 
useful way to understand these links is by looking at metabolite ratios (Gieger 
et al., 2008). Future studies can look at pairs of metabolites which are related 
to the direct substrates and products of an enzymatic conversion where the 
ratio between their concentrations can be used as an approximation of the 
enzymatic activity (Gieger et al., 2008). Furthermore, metabolite ratios often 
reduce the variability in a dataset while increasing the power of the study. This 
can help to identify pairs of metabolites that may be physiologically relevant 
across different ethnicities. 
 
 While we try to understand the biological variation across the 
Singaporean population, it is important to note that profiling these variations 
will help us to determine healthy natural variation ranges of measured lipids 
for each ethnic group. This is useful in future detection, diagnosis and 
treatment of pathological conditions especially when ethnic differences exist. 
Understanding healthy biological variation can aid in the development of 
future biomarkers for disease where lipid dysregulation play a role. This study 
serves as an important step towards our understanding of the biology of lipid 
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Figure 6-1: Line plots showing lipid profile trends across Malay, Indian and 
Chinese in the Singaporean population for GPLs (a) PE(b) PA (c) PI (d) PS 
(e) PG (f) PC (g) GM3 (h) SM (i) GluCer (j) STLs. Break in axis indicates 

















































































































































































Figure 6-2: Hierarchical clustering of lipid species showing heat map and 
cluster line plots for (a) Cluster 4 (b) Cluster 5 (c) Cluster 6 (d) Cluster 7 (e) 
Cluster 8 (f) Cluster 9. Heat map colours represent relative values, with green 
representing values below the mean, red representing values above the mean 
and black representing the mean of a row (lipid) across all columns (samples). 






























































































































































































































Figure 6-3: Ethnic related trends in carbon chain length across Malay, Indian 
Singaporean population for GPLs (a) PE, left panel for male and right panel 
for female, (b) PS (c) PG (d) PA (e) PI (f) PC. Break in axis indicates 
normalized lipid intensity on right secondary y-axis. Error bars are plotted as 




































































































Figure 6-4: Ethnic related trends in carbon chain length (attached FA) across 
Malay, Indian and Chinese in the Singaporean population for SPs (a) GM3 (b) 
SM, left panel for male and right panel for female (c) GluCer. Error bars are 















































































































































































































































































































































































































































Figure 6-5: Ethnic related trends for degree of unsaturation across Malay, 
Indian and Chinese in the Singaporean population for GPLs (a) PE,left panel 
for male and center panel for female (b) PS (c) PA (d) PI (e) PC (f) PG, left 
panel for male and right panel for female. PUFA lipids are further represented 
based on their individual number of double bonds (right panel). Break in axis 
indicates normalized lipid intensity on right secondary y-axis Error bars are 






































































































































































































































































Figure 6-6: Ethnic related trends for degree of unsaturation across Malay, 
Indian and Chinese in the Singaporean population for SPs (a) GM3 for 
sphingoid base (b) SM for sphingoid base and attached FA chain (c) GluCer 
for attached FA chain. Left panel for male and right panel for female. Error 
bars are plotted as standard error mean (SEM). * is p <0.05, ** is p<0.01 and 

































































































































Figure 6-7: Ethnic related trends for a and p lipid species across Malay, 
Indian and Chinese in the Singaporean population for GPLs (a) PE (b) PC. 
Top panel is for male and bottom panel is for female. Abbreviations: a 
denotes ester and p denotes plasmalogenspecies. Error bars are plotted as 































































































Figure 6-8: Sample reconstituted chromatogram from sterol analysis showing 
chromatographic separation between the different sterols. Cholesterol (Chol) 
and all other sterol derivatives elute between 2.7 to 4.1 min, cholesterol esters 




















































































































































































































Figure 6-9: Pearson correlation between p lipid species (pPE and pPC) and 
clinical measurements of (a) HDL (top panel) and (b)LDL for Malay (top 































































































Lipid species CE (volts) Lipid species CE (volts)
PE_436.5/196.1 -30 PI Std_585.6/241.0 -48
PE_452.5/196.1 -40 PI_599.6/241.0 -45
PE_462.5/196.1 -40 PI_807.8/241.0 -55
PE_464.5/196.1 -40 PI_833.8/241.0 -60
PE_476.5/196.1 -40 PI_835.8/241.0 -60
PE_478.5/196.1 -45 PI_857.8/241.0 -60
PE_480.5/196.1 -45 PI_859.8/241.0 -60
PE Std_634.6/196.1 -50 PI_861.8/241.0 -60
PE_698.7/196.1 -55 PI_863.8/241.0 -60
PE_714.7/196.1 -55 PI_883.8/241.0 -60
PE_716.7/196.1 -55 PI_885.8/241.0 -65
PE_718.7/196.1 -55 PI_887.8/241.0 -65
PE_722.7/196.1 -55 PI_909.9/241.0 -65
PE_724.7/196.1 -55 PI_911.9/241.0 -65
PE_726.7/196.1 -55 PS Std_678.6/591.5 -25
PE_738.7/196.1 -55 PS_524.5/437.4 -23
PE_740.7/196.1 -55 PS_786.8/699.6 -25
PE_742.7/196.1 -55 PS_788.8/701.6 -25
PE_744.8/196.1 -55 PS_808.8/721.7 -26
PE_746.8/196.1 -55 PS_810.8/723.7 -26
PE_748.8/196.1 -55 PS_812.8/725.7 -26
PE_750.8/196.1 -55 PS_834.8/747.7 -26
PE_762.8/196.1 -55 PS_836.8/749.7 -26
PE_764.8/196.1 -55 PG Std_665.6/153.0 -50
PE_766.8/196.1 -55 PG_745.8/153.0 -53
PE_774.8/196.1 -55 PG_747.8/153.0 -55
PE_776.8/196.1 -55 PG_769.8/153.0 -55
PE_778.8/196.1 -55 PG_773.8/153.0 -55
PE_790.8/196.1 -55 PG_775.8/153.0 -55
PE_814.8/196.1 -55 GM3_1151.6/290.1 -65
PA Std_591.6/153.0 -50 GM3_1153.6/290.1 -65
PA_645.7/153.0 -55 GM3_1179.6/290.1 -65
PA_671.7/153.0 -55 GM3_1235.6/290.1 -65
PA_673.7/153.0 -55 GM3_1263.6/290.1 -65
Negative ion mode 





Lipid species CE (volts) Lipid species CE (volts)
PC_482.5/184.1 50 PC_820.8/184.1 60
PC_494.5/184.1 55 PC_822.8/184.1 60
PC_496.5/184.1 55 PC_824.8/184.1 60
PC_510.5/184.1 50 PC_826.8/184.1 60
PC_518.5/184.1 50 PC_828.8/184.1 60
PC_520.5/184.1 50 PC_830.8/184.1 60
PC_522.5/184.1 50 PC_832.8/184.1 60
PC_524.5/184.1 50 PC_834.8/184.1 60
PC_544.5/184.1 50 PC_836.8/184.1 60
PC_568.5/184.1 50 S184M Std_647.7/184.1 60
PC Std_678.7/184.1 60 S184M_701.7/184.1 60
PC_718.7/184.1 60 S184M_703.7/184.1 60
PC_720.7/184.1 60 S184M_705.7/184.1 60
PC_730.7/184.1 60 S184M_729.8/184.1 60
PC_732.7/184.1 60 S184M_731.8/184.1 60
PC_734.7/184.1 60 S184M_757.7/184.1 60
PC_742.7/184.1 60 S184M_759.7/184.1 60
PC_744.7/184.1 60 S184M_785.7/184.1 60
PC_746.7/184.1 60 S184M_787.7/184.1 60
PC_756.7/184.1 60 S184M_813.9/184.1 60
PC_758.7/184.1 60 S184M_815.9/184.1 60
PC_760.7/184.1 60 SM Std_647.7/629.7 30
PC_766.7/184.1 60 SM_701.7/683.7 30
PC_768.7/184.1 60 SM_703.7/685.7 30
PC_770.7/184.1 60 SM_705.7/687.7 30
PC_772.7/184.1 60 SM_729.7/711.7 30
PC_774.7/184.1 60 SM_731.7/713.7 30
PC_776.7/184.1 60 SM_757.7/739.7 30
PC_778.7/184.1 60 SM_759.7/741.7 30
PC_780.8/184.1 60 SM_785.7/767.7 30
PC_782.8/184.1 60 SM_787.7/769.7 30
PC_784.8/184.1 60 SM_813.8/795.8 30
PC_786.8/184.1 60 SM_815.8/797.8 30
PC_788.8/184.1 60 Cer_566.7/264.3 50
PC_794.8/184.1 60 Cer_580.7/264.3 50
PC_796.8/184.1 60 Cer_622.7/264.3 50
PC_798.8/184.1 60 Cer_648.7/264.3 50
PC_800.8/184.1 60 Cer_650.7/264.3 50
PC_802.8/184.1 60 Cer Std_552.7/264.3 50
PC_804.8/184.1 60 GluCer Std_588.7/264.3 50
PC_806.8/184.1 60 GluCer_700.7/264.3 50
PC_808.8/184.1 60 GluCer_784.7/264.3 50
PC_810.8/184.1 60 GluCer_810.7/264.3 50
PC_812.8/184.1 60 GluCer_812.7/264.3 50
PC_818.8/184.1 60
Positive ion mode 




























Table 6-1: List of MRMs measured in this study and their respective collision 
energies (CE) for (a) negative ion mode (b) positive ion mode (c) sterol 
analysis. 




















Table 6-2: Regression Analysis from type II ANOVA and permutation analysis 
showing p-value for ethnicity (after accounting for age, gender and interaction 
between gender and ethnicity), for carbon chain composition, degree of 





















36 C 1.98 x 10-15




36 C 2.27 x 10-13
36 C PS 2.40 x 10
-19






1 1.78 x 10-07
2 8.66 x 10-06




1 2.59 x 10-19
2 3.33 x 10-16
>3 4.41 x 10-22
Ester/ether
species
Ether PE 7.00 x 10
-03





Ester 3.14 x 10
-04
